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Abstract 

Ulcerative colitis (UC) is a chronic inflammatory disorder of the gastrointestinal tract that is 

characterized by dysregulated cytokine signaling. Despite the advent of advanced therapies 

targeting cytokine signaling, treatment outcomes for UC patients remain suboptimal. Hence, there 

is a pressing need to better understand the complexity of cytokine regulation in UC by 

comprehensively mapping the interconnected cytokine signaling networks that are perturbed in 

UC patients. To address this, we undertook systems immunology modelling of single-cell 

transcriptomics data from colonic biopsies of treatment-naive and treatment-exposed UC patients 

to build complex cytokine signaling networks underpinned by putative cytokine-cytokine 

interactions. The generated cytokine networks effectively captured known physiologically relevant 

cytokine-cytokine interactions, which we validated in vitro in UC patient–derived colonic 

epithelial organoids and with organoids co-cultured with innate lymphoid cells. These networks 

revealed previously unappreciated aspects of UC pathogenesis, including a cytokine subnetwork 

that is unique to treatment-naive UC patients, the identification of cytokines with altered 



 

interaction patterns across UC disease states (including IL-22, TL1A, IL-23A, and OSM), 

cytokine-cytokine interactions that were mediated by specific members of the Janus-associated 

kinase (JAK) family, and the positioning of TL1A as an important upstream regulator of TNF and 

IL-23A (the two cytokines currently targeted by approved UC drugs) and as a potential therapeutic 

target. Together, these findings open several avenues for guiding future cytokine-targeting 

therapeutic approaches in UC, and the presented methodology can be readily applied to gain 

similar insights into other immune-mediated inflammatory diseases. 

 

INTRODUCTION 

Cytokines are key signaling molecules of the immune system that play critical roles in the 

regulation of the immune response. Cytokines are released by various cell types and bind to their 

cognate receptors on the surface of their target cells (1). The binding of a cytokine ligand to its 

receptor initializes a signaling cascade, culminating in the regulation of downstream target genes, 

including those encoding other cytokines (2). Thus, cytokines can form complex networks of 

interactions, in which different cytokines regulate the production and activity of other cytokines, 

thereby organizing immune responses. Many of these individual cytokine-cytokine interactions 

are well-established in classical immune responses, such as activation of interferon-g (IFNG) by 

the cytokine interleukin-12 (IL-12) as part of the T helper 1 (TH1) cell–mediated adaptive immune 

response (3, 4), which in turn activates chemokines such, as CXCL10, through innate immune 

cells, such as monocytes (5). Such cytokine-cytokine interactions are important for maintaining 

the proper balance and specificity of immune responses. However, when they are dysregulated, 

chronic immune-mediated inflammatory disorders, such as ulcerative colitis (UC) can develop (6). 

UC is a major subtype of inflammatory bowel disease (IBD), which is characterized by chronic 



 

colonic inflammation limited to the mucosal layer of the gut wall. UC causes substantial morbidity 

to patients, with symptoms such as bloody diarrhea, abdominal pain, and fatigue, and its 

prevalence is rising globally (7). UC pathogenesis is underpinned by an imbalance of pro- and 

anti-inflammatory cytokine production, leading to dysregulated cytokine signaling, chronic 

inflammation, and ultimately tissue damage (8–10). 

 

Many of the currently available biologic therapies for UC aim to target key dysregulated cytokines. 

These include anti–tumor necrosis factor (TNF) agents, such as infliximab and adalimumab, 

biologics targeting the common p40 subunit of IL-12 and IL-23, such as ustekinumab, as well as 

drugs targeting the p19 subunit of IL-23, such as mirikizumab. In addition, small-molecule drugs 

inhibiting Janus-associated kinase (JAK) signaling (such as filgotinib, tofacitinib, and 

upadacitinib) have been established in clinical practice, which underpin multiple cytokines and 

immune signaling cascades (11). The addition of these advanced therapies in the therapeutic 

armamentarium has substantially increased the prospects for UC patients, resulting in better 

outcomes and quality of life (12). However, despite this, a substantial therapeutic ceiling exists, in 

which 50 to 70% of the patient population fails to respond or becomes resistant to these treatments 

(13–15). This has led experts to call for new therapeutic strategies targeting multiple cytokines of 

interest, such as combination biologic therapies. Indeed, clinical trials such as the VEGA trial, 

which is evaluating the combination therapy of anti-TNF and anti–IL-23, are currently underway 

to test this hypothesis (16). As such, there is an increased need to understand the complexity of 

cytokine regulation in IBD, to disentangle how treatment affects cytokine signaling, and how this 

information can be leveraged to offer alternative perturbation points (17, 18). However, systems-



 

level analyses collecting and modelling the totality of these cytokine-cytokine interactions have 

been few and far between (19, 20). 

 

We previously established CytokineLink, a systems biology framework that maps cytokine-

cytokine interactions based on ligand and receptor expression (19). Although CytokineLink 

enables the exploration of these interactions, it lacks integration of the intracellular signaling 

cascades stimulated by cytokine-receptor binding. Here, we advanced our network models by 

incorporating intracellular signaling data derived from single-cell gene expression profiles of UC 

patients (21), enhancing the accuracy and depth of the cytokine-cytokine interaction analysis. 

Using a newly developed integrated pipeline, we reconstructed condition-  and treatment-specific 

cytokine networks of the colonic mucosa in UC patients and non-IBD controls. Comparative 

analysis of these cytokine networks captured important cytokine regulation differences between 

treatment-naive UC patients, treatment-exposed UC patients, and non-IBD controls. The analysis 

identified the cytokines with the most altered interactions in UC, a unique cytokine subnetwork in 

treatment-naive patients, and provided insights into cytokine signaling hierarchies. Our study also 

highlighted the pervasive role of Janus-associated kinase (JAK) signaling in cytokine interactions 

and the specificity of JAK paralogs in UC. Together, this systems immunology approach provides 

particular insights into UC pathogenesis with substantial translational potential and can be used to 

delineate cytokine signaling in other immune-mediated inflammatory diseases (IMIDs). 

 

RESULTS 

Mapping the cytokine interaction networks driving UC 



 

To better understand how cytokines may regulate each other in UC, we generated cytokine-

cytokine interaction networks from single-cell RNA sequencing (scRNA-seq) data derived from 

colonic biopsies of UC patients and non-IBD controls. To achieve this, we used data from the 

single-cell RNA-Seq compendium for IBD, scIBD (21), which provided us curated, batch-

corrected, and integrated scRNA-seq data from multiple studies, improving the power of our 

analysis. In total, we used data from 85 UC patients and 43 non-IBD controls from scIBD. The 

scRNA-seq data from the UC patients were stratified based on the inflammation status of the 

colonic biopsies and further grouped based on whether the patients had undergone treatment (with 

immunomodulators, advanced therapies, or both) or were treatment-naive using the available 

supplementary materials of the original studies. 

 

We harnessed the computational methods of NicheNet to infer ligand–target gene interactions 

from the scRNA-seq data (22). This approach incorporates a prior model regarding intracellular 

signaling and gene regulatory networks to predict whether the binding of ligands to target receptors 

can modulate the expression of target genes. This was important to capture the potential 

intracellular mechanisms connecting upstream and downstream cytokines and map the chain of 

events consisting of cytokine → receptor → signaling proteins → transcription factors → 

cytokine-encoding genes (Fig. 1A). Because we focused on cytokine-cytokine interactions, we 

restricted both the upstream ligands and the downstream target genes to known cytokine genes as 

defined in established systems immunology databases. This enabled us to construct networks of 

cytokine-cytokine interactions from the scRNA-seq data. 

 



 

The datasets within the scIBD atlas differentiate the UC subtypes based on inflammation status, 

containing samples from both inflamed and noninflamed locations of the gastrointestinal tract. To 

add further dimensionality to the generated networks, we delineated a cluster of treatment-naive 

inflamed UC samples from the publicly available supplementary materials of the included datasets. 

Hierarchical clustering of the generated cytokine networks revealed that the networks clustered 

according to disease status (UC vs. non-IBD control), treatment exposure, and inflammation status 

(Fig. 1B). For each condition, the generated networks were comparable in size and shared 43% of 

their interactions across all states. We assessed the local and global importance of nodes using 

degree (that is, local importance, number of neighbors) and betweenness centrality (that is, global 

importance), respectively. Including interactions from all of the cytokine networks, the highest 

degree cytokines (cytokines with the largest number of interactions) were IL1B, CCL2, TNF, IFN-

g and IL6 (Fig. 1C). The same five cytokines also achieved the highest betweenness centrality 

measures (albeit in a slightly different order: IL1B, CCL2, IFNG, TNF, and IL6), highlighting not 

only their local, but also their global importance in cytokine communication. 



 

 



 

Figure 1. Generating condition-specific cytokine networks in ulcerative colitis. A: The 
computational pipeline processes data from the single-cell RNA-Seq inflammatory bowel disease 
atlas scIBD. Based on available metadata, we delineated a novel cluster of inflamed UC samples 
(“inflamed-naive” in the above figure) from patients who did not receive any immunomodulatory 
or advanced therapies. Data was processed using NicheNet, with the gene set of interest set to a 
list of cytokines. It connected active cytokine ligands to their putative cytokine targets, resulting 
in condition-specific cytokine networks. B: Hierarchical clustering of networks according to 
disease and treatment status. The generated networks are comparable in size, with the inflamed 
treatment naive network having the largest number of interactions. C: Analysing all generated 
interactions reveals the highest degree cytokines in the cytokine networks. The centrality 
network layout emphasises betweenness centrality, with the most central cytokines positioned 
closer to the centre. 
 

Cytokine networks capture physiologically relevant cytokine-cytokine interactions 

To confirm the physiological relevance of the cytokine networks, we tested our results with a large 

independent compendium focusing on immune cells and with an organoid experiment focusing on 

UC patient–derived epithelial cells, as well as a co-culture model containing group 1 innate 

lymphoid (ILC1) cells and organoids to capture immune-epithelial crosstalk on a protein level. 

First, we compared our data to the published Immune Dictionary resource (23). Briefly, the 

Immune Dictionary encompasses the responses of 17 murine immune cell types to 86 cytokines 

one-by-one. We tested the target overlap and set the similarity of each matching source (that is, 

upstream) cytokine from our cytokine-cytokine interaction networks (Fig. 2A). Forty-five 

cytokines caused differential expression of other cytokines in the Immune Dictionary resource. Of 

those 45, 20 cytokines were also source nodes in our networks, targeting other cytokines. 

Comparing the sets of targeted cytokines in the Immune Dictionary with the UC cytokine network 

model, 12 of 20 individual cytokines (60%) had a significant overlap in their targets between the 

Immune Dictionary results and our computational model (hypergeometric test, FDR <= 0.05). Of 

the remaining 25 comparable cytokines with the Immune Dictionary resource, 17 were present as 

nodes in our cytokine networks as targets of other cytokines (but not as source molecules targeting 



 

other cytokines). Eight cytokines were not among our search parameters. The substantial overlap 

between key targets in our constructed cytokine-cytokine interaction networks and those in the 

Immune Dictionary resource suggest that our networks are likely to be physiologically relevant. 

We prepared a network representation of the experimentally validated and predicted interactions 

in the UC inflamed naïve network (fig. S1). However, we acknowledge that not all interactions 

could not be captured because of inherent differences in the sets of cytokines between both studies. 

For example, the current study involves many chemokines and growth factors that were not 

included in the Immune Dictionary resource. Furthermore, the cellular compartments of the 

producing cells also differed, as the Immune Dictionary primarily focused on immune cell types 

from lymph nodes, whereas the UC cytokine networks presented here were generated from colonic 

tissue samples from patients involving the immune, epithelial, and stromal compartments. Finally, 

the Immune Dictionary was generated from murine tissues, and important differences exist 

between the mouse and human immune systems (24–26). 

 

To further validate our results, we generated inflamed and non-inflamed colonic epithelial 

organoids from UC patients to model inflammation and recapitulate the inflamed and non-

inflamed interactions in vitro. Organoids were treated with a mixture of pro-inflammatory 

mediators (IL-1B, TNF, and Flagellin) that reproduce a similar transcriptomic phenotype to that 

of the inflamed epithelium in IBD patients to generate inflamed organoids (27). We then treated 

both inflamed and non-inflamed organoids with IFN-g. This proinflammatory cytokine plays a 

crucial role in intestinal inflammation, is released by adaptive immune cells, and acts on the 

intestinal epithelial layer (28). The effects of IFN-g on these organoids were captured by RNA-

seq. We generated a simplified UC cytokine network, comprising interactions exclusively between 



 

epithelial cell types found in organoids, and classified the cytokine targets of IFN-greleased by 

these cells as a custom IFN-ggene set. Gene set enrichment analysis (GSEA) of the IFN-gtarget 

cytokine gene set identified a statistically significant enrichment of the IFN-gtargets in the 

differential gene expression results (Fig. 2B). To validate the healthy cytokine networks, in 

addition to the UC cytokine networks, we compared the predictions with data from studies by 

Pavlidis et al (29, 30), where we previously treated healthy colonic organoids with different 

cytokines and captured their responses by bulk RNA-seq. We found a significant enrichment of 

the predicted cytokine targets between the differentially expressed genes after the treatment of 

healthy organoids with IFN-g, TNF, and IL-17, respectively. The GSEA results showing the 

enrichment of cytokine targets in both the UC patient derived and healthy organoids are shown on 

Figure 2C. 

 

We also quantified the degree to which our approach captured cytokine interactions involved in 

the crosstalk between epithelial and immune cell types and predicted the effects of endogenous 

cytokine production in addition to direct external cytokine stimulation at a protein level. To this 

end, we measured changes in cytokine protein concentrations in supernatants from healthy small 

intestinal organoids that were co-cultured with or without ILC1 cells. Based on previous studies, 

we expected the ILC1 cells to produce three key cytokines: TGF-b1 (31), IFN-g, and TNF (32). 

Thus, we tested whether our model could predict changes in the concentrations of the downstream 

cytokine targets of TGF-b1, IFN-g, and TNF produced by epithelial cells of the organoids after 

being co-cultured with ILC1 cells. Of the 14 tested downstream cytokines, eight (57%) showed 

significant changes in concentration after co-culturing (Fig. 2D, fig. S3). 

 



 

Finally, to ascertain whether the predictions were the product of the scRNA-seq data used rather 

than the prior knowledge resource that was used, we generated matching state-specific cytokine 

networks after randomizing gene labels in the integrated scRNA-seq data (scIBD), and compared 

the distributions of degree and betweenness centrality values between the original and shuffled 

networks (table S2). All Wilcoxon Rank Sum tests indicated statistically significant differences, 

with the only exception being the betweenness centrality distributions of the “healthy” networks, 

where the P = 0.09. 



 

 

Figure 2. Validation of cytokine–cytokine interactions. A: Comparison of target sets between 
predicted interactions and differential expression results from the Immune Dictionary resource 
(Cui et al) 12/20 shared source cytokines have significantly overlapping target sets. B: 
Enrichment plot showing the enrichment of IFNG targets in differentially expressed genes from 
patient-derived inflamed colonic organoids (n = 4) treated with IFNG. C: Enrichment of target 



 

sets of multiple cytokines in inflamed, noninflamed and healthy colonic organoid transcriptomics 
data. D: Downstream cytokines with significantly changing protein concentration levels 
following co-culturing with ILC1 cells (n=3 for standalone, n = 4 for ILC1 co-cultures). We 
observed a significant change in protein concentration for 57% of predicted targets (Wilcoxon 
Rank Sum test, p-value <= 0.05). Supplementary Figure 3 details p-values for all measured 
cytokines. 
 

A specific cytokine subnetwork distinguishes treatment-naive from treatment-exposed 

inflamed UC tissues 

 

Leveraging the supplementary materials of the original studies from the scRNA-seq datasets in 

scIBD, we generated a cytokine-cytokine interaction network from inflamed biopsies of seven 

treatment-naive UC patients, that is, individuals who had not been exposed to immunomodulators 

or advanced therapies (for sample IDs and dataset details, see the Materials and Methods). Thus, 

the network we constructed from these patients likely reflects the nature of cytokine interactions 

in active UC before therapeutic intervention. We determined the Jaccard index for each interaction 

based on the cell types involved, indicating the similarity of compared sets, to determine whether 

there were differences in the putative cell types mediating these cytokine interactions. We 

established this in both the treatment-naive and treatment-exposed patient groups, compared to 

non-IBD controls. We analyzed the distribution of these scores in the inflamed treatment-naive 

and inflamed treatment-exposed networks in UC, with the inflamed treatment-naive interactions 

exhibiting a lower median Jaccard index (Fig. 3A). This indicates that the cell types contributing 

to these inflamed treatment-naive interactions were more different than in the inflamed treatment-

exposed networks compared to the healthy state (median inflamed-naive = 0.27, median inflamed-

treated = 0.38, Wilcoxon-Rank Sum test P value < 1.6 ´ 10-6). There were 17 cell types shared 



 

between inflamed-treated and healthy conditions that were not present in the inflamed-naive 

condition (fig. S4). 

 

We next sought to understand the differences in cytokines mediating these interactions during 

active disease in the treatment-exposed and treatment-naive groups. We compared the number of 

neighbors (degree values) of the cytokines present in the networks between both conditions (Fig. 

3B). We observed that after exposure to immunomodulators or advanced therapies, all of the 

cytokines lost interactions with their immediate neighbors, reducing their local importance. A 

comparison of their global importance, as assessed through betweenness centrality, showed a 

similar trend, with the exception of three cytokines (CD40LG, IFN-g, and CCL11), which became 

more central after treatment. These findings suggest that exposure to immunomodulators or 

advanced therapies restructures cytokine networks in UC, reducing both the local and global 

importance of key cytokines that mediate cytokine-cytokine interactions in active disease. 

  

To better understand the cytokine–cytokine interactions underpinning active UC without any 

modulation from immunomodulators or advanced therapies, we visualized the interactions that 

were unique to the treatment-naive group. Eighty-three interactions were unique to the UC 

inflamed treatment-naive network, representing 19% of the total interactions in this network. 

Seventy-seven of these interactions formed a connected subnetwork. We visualized these 

treatment naive–specific interactions with a hierarchical layout, which enabled us to determine the 

chain of cytokine interactions involved in the treatment-naive inflamed colonic mucosa. We 

assembled the hierarchical structure of these state-specific interactions, and the largest sources and 

sinks unique to the condition (Fig. 3C). The highest in-degree nodes of this subnetwork were the 



 

important pro-inflammatory cytokines TNF, IL-1b, and IL-6, as well as the chemokine CCL2 (Fig. 

3C bottom right). The most promiscuous source cytokine was IL-1a, which targeted 17 other 

cytokines, highlighting its important role in inflammation (Fig. 3C, bottom right) (33, 34). IL-1a 

was followed by RETN (resistin), an inflammatory marker in IBD with known roles in the 

inflammatory response (35, 36). Thus, our systems immunology cytokine-modelling captured 

prototypical cytokines associated with UC pathogenesis, while providing insights into their 

hierarchical relationships. 

 

We next focused on cytokines that are currently directly targeted by biologics in UC. The most 

commonly used biologic agents in UC are anti-TNF agents (37). We found that TNF was one of 

the highest degree nodes in the treatment-naive inflamed UC cytokine network, interacting with 

37 other cytokines, that is, 34% of the cytokine network members. We analyzed the UC-specific 

inputs from multiple proinflammatory and regulatory cytokines targeting TNF, with the incoming 

CCL21, IL-10, IL-1a, RETN, and TNFSF11 interactions only appearing in the UC treatment-

naive condition. As for outgoing interactions of TNF, TNF targeted itself and PDGFB in the 

treatment-naive inflamed condition, the latter cytokine previously shown to be an important driver 

of fibrosis in IBD (Fig. 3E) (38). The cytokine IL-23A is another important target of biologic 

treatment in UC (39), either through drugs (for example, ustekinumab) targeting its p40 subunit 

shared with IL-12A (not active in network), or also through drugs targeting its p19 subunit (for 

example, mirikizumab). IL-23A had four interactions unique to the treatment-naive state: upstream 

inputs from IL-1a and IL-17A, and downstream targets to the IL-10 family cytokines, IL-19 and 

IL-24 (Fig. 3E). As with most other cytokines (Fig. 3B), the degree and betweenness centrality 

values for IL-23A were reduced in the treatment-exposed inflamed condition. 



 

 



 

Figure 3. A specific subnetwork of cytokine-cytokine interactions characterise treatment-
naive inflamed UC tissues. A: Differences in the Jaccard index distribution of cytokine–
cytokine interactions. The Jaccard index quantifies the set similarity of cell types contributing to 
the cytokine–cytokine interaction (as source or target cells) with the healthy condition. The 
inflamed treatment-naive network has a lower average Jaccard index than the inflamed 
treatment-exposed network, indicating that the contributing cell types are more different 
compared to healthy than in the treated networks (median inflamed-naive = 0.27, median 
inflamed-treated = 0.38, Wilcoxon-Rank Sum test P < 1.6e-06). B: Degree and betweenness 
centrality differences between inflamed treatment-naive and treatment-exposed networks. The 
highest degree cytokines all lose interactors in the treatment-exposed condition, and the highest 
betweenness centrality cytokines become less central, except CD40LG, IFNG and CCL11. C: 
An inflamed treatment-naive condition-specific subnetwork in ulcerative colitis. D: Cytokines 
with the highest number of incoming interactions in the treatment-naive subnetwork (top) and 
cytokines with the highest number of outgoing interactions (bottom). E: Cytokines with active 
signals currently targeted by biologic agents (TNF, IL23A) in the treatment-naive state 
 

Network rewiring analysis pinpoints cytokines with the most varying interactomes across 

inflammatory states in UC 

To characterize the distinct and shared properties of the generated cytokine networks, and to 

identify both divergent and conserved cytokine interactions across states, we initially analyzed the 

networks with the DyNet network rewiring algorithm (40). This approach enabled us to identify 

the cytokines present in all networks that had the most variable neighborhoods (Fig. 4A). The top-

ranking rewired cytokines (Fig. 4B) included IL-22, TL1A (encoded by TNFSF15), IL-23A, and 

OSM, which have been implicated in the pathogenesis of IBD (11, 14, 30). We also analyzed the 

detailed interactomes of IL-22 and OSM (Fig. 4C). IL-22 is an IL-10–family cytokine involved in 

epithelial regeneration (41), and its abundance is often increased in the intestinal mucosa of IBD 

patients (11). IL-22 has been linked with resistance to anti–IL-12 and anti–IL-23 treatment, and it 

increases the abundance of proinflammatory CXC-family chemokines (30). In the inflamed naive 

cytokine network, IL-22 was targeted by IL-23A (42) and directly regulated CXCL6 and, through 

CCL2, affects CXCL1 to CXCL5 (fig. S5). It sends further direct UC-specific interactions to IL6, 

CCL20, and VEGFA. OSM is an IL-6–family cytokine whose abundance is often increased in IBD 



 

patients (43). OSM is a driver of inflammatory processes, and it increases the production of IL-6 

and proinflammatory chemokines (14), as captured by our model. OSM is also linked with 

resistance to anti-TNF treatment (14). In addition to targeting the aforementioned proinflammatory 

cytokines and chemokines, OSM also targeted AREG in the treatment naive cytokine network, a 

cytokine that promotes intestinal fibrosis in experimental colitis and in patients with Crohn’s 

disease, a different subtype of IBD (44). 

 

After the rewiring analysis, to explore the shared properties of the UC networks, as opposed to 

their differences, we collated the interactions missing from all of the UC cytokine networks 

compared to the healthy state (that is, interactions that were exclusive to health), and collected 

interactions present in all UC cytokine networks (that is, interactions exclusive to UC) (Fig. 4D). 

There were 18 health-specific and 25 UC-specific interactions, regardless of treatment status or 

whether the sample was derived from an inflamed or non-inflamed site. We analyzed the largest 

connected components of these shared interactions (Fig. 3D). The central node in the graph of 

health-specific interactions was IL-33, an important IL-1–like alarmin responsible for initiating a 

response to cellular damage (45). So far, there have been conflicting reports regarding the role of 

IL-33 in UC, as it exerts both detrimental and protective effects in mouse models of colitis (46). 

In contrast, the shared UC-specific interactions formed two larger subgraphs. In the first, the 

upstream nodes were IL-18 and CSF2, cytokines that enhance and, in some cases, decrease the 

amounts of proinflammatory cytokines, such as IFN-g, TNF, and IL-1b (11, 47–50). The second 

connected component was driven by IGF2, primarily targeting other growth factors, many of 

which were previously implicated in IBD pathogenesis (51–54). 



 

 



 

Figure 4. Cytokine network rewiring and shared interactions. A: Distribution of degree-
corrected rewiring scores. The top-scoring cytokines are highlighted.  B: The top rewired nodes 
shared across all networks C: In-depth look at the first neighbours of rewired nodes IL22 and 
OSM. D: Missing (left) and shared (right) subnetworks in UC. The largest connected 
components of the missing (exclusive to healthy) and shared (exclusive to UC) interactions are 
shown next to the Venn-diagrams. 
 

 

The JAK profiles of cytokine–cytokine interactions in UC 

We next evaluated the intracellular pathways mediating cytokine-cytokine interactions in UC, 

specifically focusing on the JAK signaling cascade. which serves as the primary signal 

transduction pathway for multiple cytokines (55). JAK signaling has emerged as a crucial 

therapeutic target in IBD after phase III clinical trials demonstrated the efficacy of non-selective 

and selective JAK inhibitors for induction and maintenance therapy in UC (56). To deconvolute 

the specificity of JAK paralogs in cytokine signaling in UC, we captured the likely intracellular 

pathways connecting source cytokines to their putative target cytokine genes and collated the JAK 

proteins underpinning each interaction. In the UC inflamed treatment-naive network, 55% of 

interactions involved signaling by one or more JAKs (Fig. 5A). To assess the reliability of the 

captured cytokine-JAK relationships, we compared the number of correct and incorrect JAK 

paralog assignments for nine active cytokine ligands in the networks whose JAK preferences were 

reviewed previously (11). In all nine cases, the correct JAK paralogs were assigned to the signaling 

cytokine. However, the pipeline did not assign JAKs to intracellular pathways for a few 

interactions between certain cytokines (mean = 86%) (Fig. 5B). To quantify the effect of JAK 

paralog–specific inhibition in UC, we calculated the DyNet rewiring score of the UC inflamed 

treatment-naive cytokine network before and after removing cytokine-cytokine interactions that 

signal through each affected JAK paralog (Fig. 5C). Based on the UC inflamed treatment-naive 



 

cytokine network, the neighborhoods of CD-40LG, IL-10, and IFN-g were the most perturbed by 

the removal of JAK1-mediated interactions, indicating that JAK1-selective inhibitors, such as 

upadacitinib, might inhibit cytokine-cytokine interactions connecting to these cytokines. The 

removal of JAK1-affected edges also excluded certain nodes from the cytokine network, such as 

OSM and IL-22, which are associated with resistance to anti-TNF (14) and anti–IL-12/23 (30) 

therapies, respectively (Fig. 5D). Thus, JAK1 signaling is likely to encompass these resistance 

proteins, which may explain why JAK1 inhibition with upadacitinib or non-selective JAK 

inhibition with tofacitinib demonstrated generally consistent efficacy in both biologic naive and 

biologic exposed UC patients in phase III clinical trials (57, 58). 



 

 



 

Figure 5. JAK paralogue specificity of cytokine networks. A: Number of JAK proteins used 
by the generated cytokine–cytokine interactions (left) and their ratio of used JAK proteins. B: 
Select cytokines with known JAK preferences, and the percentage of correctly identified JAKs in 
the predicted intracellular signalling pathways. C: DyNet rewiring compared to the inflamed-
naive network following the removal of cytokine interactions mediated by JAK paralogues. Only 
top values are shown. D: Removal of JAK1 interactions excludes IL22 and OSM from the UC 
inflamed treatment naive cytokine network. 
 

Drug-targeting analysis reveals TL1A as a critical cytokine target in UC 

TNF, IL-23A, and IL-12A are the three cytokines currently targeted by biologics to treat UC. To 

better understand how and why particular cytokines might be better targets than others, we 

assigned annotation data to the analyzed cytokines from the OpenTargets database (59). 

OpenTargets compiles a global score for each protein, assessing its validity as a drug target, based 

on a collection of evidence from multiple data sources and modalities, such as genetic associations, 

somatic mutations, and RNA expression. In general, there was a moderate positive correlation 

between the global score in OpenTargets and the degree of cytokines in the UC naive network, 

indicating that the local importance of cytokines captured by the networks correlates with their 

candidacy as drugs (R=0.44, P < 1.9e-06, fig. S6). We also examined the OpenTargets score in the 

context of cytokine networks analyzed in this study (Fig. 6A). Based on the global score measure 

of OpenTargets, TL1A was the highest-scoring cytokine target in UC without an approved 

inhibitor drug. TL1A is a regulatory cytokine and susceptibility variant in IBD (60–62). It regulates 

important proinflammatory cytokines, such as TNF, IFN-g, IL-17A, CSF2, IL-6, and IL-13 (63), 

most of which TL1A targets directly in the inflamed naive UC cytokine networks. Furthermore, 

TL1A was also one of the top rewired nodes between the cytokine networks, indicating that its 

interactome is significantly different across states (Fig. 3B). We plotted the log2 ratio of edge 

weights and Jaccard indexes of the cytokine-cytokine interactions compared to the healthy 

condition (Fig. 6C). To quantify the weight of cytokine-cytokine interactions, we used the number 



 

of cell types participating in each cytokine-cytokine interaction. The upper right quadrant shows 

the interactions that not only have low Jaccard scores (dissimilar cell types participating in the 

interaction) but are also expanded in the UC treatment-naive condition (log2 ratio > 2), indicating 

that a greater number and variety of cell types signal through TL1A compared to health. In the 

inflamed treatment-naive network, the TL1A-TGFB1 interaction had one of the lowest Jaccard 

scores and highest log2 edge weight values across all of the interactions when compared to the 

healthy condition, indicating a marked shift in the composition and number of contributing cell 

types, involving inflammatory fibroblasts and reticular fibroblasts in the inflamed UC condition. 

Because TL1A is also implicated in fibrosis in IBD (64), this interaction reveals one of the 

potential mechanisms through which this becomes possible. We examined the specific differences 

in the participating cell types of the TL1A-TNF interaction between healthy controls and inflamed 

treatment-naive UC (Fig. 6D). Compared to the healthy state, in the inflamed treatment-naive 

condition, there was a substantial expansion in the putative immune cell types that are likely to 

respond to TL1A to produce TNF, including various CD4+ and CD8+ T cell subtypes, epithelial 

cell subtypes, including Goblet cells, BEST4+ cells, and Tuft cells, and endothelial cells. TL1A 

sends the highest weight interactions to TNF compared to all of the other incoming TNF 

interactions, indicating the inclusion of additional cell types that produce TNF in response to the 

TL1A signal. 

 

We also note that TL1A and three of its directly regulated cytokines (CSF2, IL-10, and IL-17A) 

all target TNF with expanded and disease-specific interactions compared to the healthy condition 

(Fig. 6, E and F). TL1A may affect the other important UC drug target, IL-23A, through a UC-

specific interaction with IL-17A (Fig. 6, E and F). The anti-TL1A drug PF-06480605 has entered 



 

a phase II drug trial (TUSCANY) in UC with positive results (65). The trial demonstrated a 

significant reduction in TNF, IL-23A, and other cytokines (including, IL-1b, IFN-g, and CCL20) 

compared to baseline and a reduction in the activity of TH17 cells and fibrosis pathways. The 

inhibited cytokine TL1A holds an upstream position in the inflamed treatment-naive network in 

relation to all cytokines found to be significantly reduced compared to baseline (Fig. 6F), as shown 

previously (65), capturing the potential mechanism through which this regulatory effect occurs, 

involving a number of UC-specific interactions. 



 

 



 

Figure 6. TL1A as a drug target in the treatment-naive cytokine network. A: UC inflamed 
treatment-naive cytokine network with the OpenTargets global score overlaid on the cytokines. 
B: Highest OpenTargets global score of cytokines, and available UC drugs. C: Scatterplot of 
log2 edge weight compared to health and Jaccard index of cell type similarity compared to 
health. Upper right quadrant indicates interactions that are simultaneously more expanded, and 
utilise different cell types compared to health. D: Cell types contributing to the expanded TL1A-
–TNF interaction. E: First neighbours of TL1A in the inflamed treatment-naive network. UC-
specific interactions shown with dashed lines. F: Interactions from TL1A (blue) to all 
significantly affected cytokines in anti-TL1A treatment as shown in (65). 
 

DISCUSSION 

The complex network of interactions formed by cytokines is an important mechanism regulating 

immune responses in inflammatory diseases (66). However, the redundant and pleiotropic effects 

that cytokines exert on their target cells make it difficult to disentangle their respective roles (67, 

68). Here, we constructed a systems biology model to resolve this by comprehensively collating 

all active cytokine-cytokine interactions in the system, capturing both the redundant and cell type–

specific effects cytokines that may have on each other. We demonstrated the ability of this systems 

immunology model to capture physiologically relevant cytokine-cytokine interactions in both 

epithelial and immune cell compartments, both on an RNA and a protein level. This was achieved 

through a combination of approaches, including cross-referencing with a large, independent 

compendium of experimentally validated cytokine-cytokine interactions in murine immune cells 

(23), cytokine exposure experiments with colonic epithelial organoids derived from both healthy 

individuals and patients with UC, and organoid co-culture systems involving healthy human ILC1s 

and epithelial cells, enabling the prediction of cytokine targets driven by endogenous cytokine 

production. 

 

We next sought to gain deeper insights into the cytokine networks underpinning UC, the 

prototypical chronic IMID, across different states based on inflammatory status and treatment 



 

exposure. A better understanding of cytokine networks in IMIDs such as UC and how they alter 

according to inflammatory status or treatment will be critical for finding alternative, and more 

effective, therapeutic strategies (9, 69). In UC, the long-term remission rate of therapeutic agents, 

including anti-TNF and anti-p40 drugs, remains suboptimal at about 20 to 30% compared to 

placebo, imposing a “therapeutic ceiling” (13). For patient cohorts that do not respond well or 

become resistant to such advanced therapies, finding the cytokine signaling events that differ from 

responders or offer alternative intervention points could help inform strategies for overcoming this 

therapeutic ceiling in the future. 

 

Our systems biology modelling revealed insights into the cytokine networks underpinning UC. We 

found a large cytokine subnetwork comprising cytokine-cytokine interactions that were specific to 

treatment-naive inflamed tissues. In this subnetwork, the cytokines with the greatest number of 

incoming interactions included TNF, IL-1b, IL-6, and CCL2, whereas IL-1a and resistin had the 

largest number of outgoing interactions. Rewiring analysis of cytokine networks pinpointed 

cytokines with the most altered interactions across disease states, revealing how treatment and 

inflammation status can alter cytokine signaling. The most rewired cytokines included IL-22, 

TL1A, IL-23A, and OSM. We found that TL1A is likely to function as an upstream regulator of 

key cytokines, including TNF and IL-23A, which are already pharmaceutically targeted in UC. 

Furthermore, many of the cytokines regulated by TL1A involve an increasing number of cell types, 

including CD4+ and CD8+ T cells, epithelial cells, and endothelial cells in the inflamed UC state 

compared to the healthy state. We also observed a putative pro-fibrotic signal mediated by TL1A 

through the activation of inflammatory and reticular fibroblasts resulting in TGFB1 release. 

Furthermore, TL1A emerged as one of the top druggable cytokine targets in our analysis based on 



 

data from OpenTargets. This finding is consistent with results from phase II drug trials in UC 

targeting TL1A (TUSCANY), which demonstrated reduced expression of genes encoding TNF 

and IL-23A, and other cytokines (IL1B, IFNG, CCL20) captured downstream of TL1A by our 

model, as well as the alleviation of fibrosis and inflammation in patients after TL1A inhibition 

(65). Our analysis highlighted multiple other examples where the effect of a cytokine on its 

downstream targets was also identified in independent studies, such as the effect of IL-22 on its 

target CXC-chemokines (30), the induction of IL22 by IL-23A (42), and the targeting of IL-6 by 

OSM (14). Finally, by mapping the JAK paralog specificity of cytokine-cytokine interactions, 

including a module involving treatment-resistance genes (OSM and IL22) within the JAK1 

signaling network, we revealed a possible mechanistic basis for the consistent efficacy of JAK 

inhibitors observed in both biologic naive patients and patients who previously failed biologics 

(57, 58). 

 

The presented systems immunology modelling of cytokine-cytokine interactions enabled us to gain 

unique insights into UC pathogenesis. Other systems-level models capturing cytokine signaling 

are rare and tend to answer different questions from those that we proposed in our current study. 

Databases such as ImmuneXpresso and Immunoglobe (70, 71) collate a large amount of cell-

cytokine or cytokine-cell interactions compiled from the literature, but do not consider direct 

cytokine-cytokine interactions, which were the primary focus of our analyses. Another study 

proposes a method to analyze the effects of the blockage of single cytokines on the secretion rate 

of target cytokines in IMIDs (20). The approach outlined in that study is a complementary 

modelling technique that could be combined with our systems-level method to identify the effects 

on putative intervention targets in the future. 



 

 

Although our analysis captured physiologically relevant cytokine-cytokine interactions and 

yielded relevant findings, it is important to note that the presented study has several limitations 

that must be considered when contextualizing the results. The primary focus of our research was 

to study how cytokines affect each other and observe the rewiring of cytokine signaling in disease. 

Naturally, cytokines regulate non-cytokine target genes as well, which are not captured in our 

model, reducing the scope in which the interactions can be interpreted. On the other hand, we used 

a broad definition of cytokines that includes interleukins, chemokines, growth factors, and other 

factors to capture a more complete, yet potentially less focused, picture of immune signaling. In a 

complex condition such as UC, where inflammation and wound healing may be constitutively 

active, we decided on this broad definition to capture a more holistic overview of the underlying 

pathological mechanisms driven by cytokines (72). Furthermore, we modelled the individual 

cytokine-cytokine interactions as direct 1:1 relationships without considering their synergies, an 

important feature of cytokine regulation (73). However, such synergistic signaling interactions are 

computationally challenging to model, given the lack of comprehensive experimental work that 

has evaluated multiple cytokines individually and at the same time to delineate such relationships. 

Another challenge was the limited resolution of clinical metadata that was publicly available, 

hindering our ability to identify cytokine signaling changes modulated by specific 

immunomodulators or advanced therapies. In addition, the interactions can falter on multiple levels 

in all scRNA-seq studies focusing on intercellular communication (74). The sequenced RNAs in 

the scIBD datasets might not all be translated to generate proteins, the proteins made may not all 

be secreted, those that are secreted may not diffuse to the target cells, and those that do may not 

cause a response (75). Furthermore, cytokine signaling often occurs at both autocrine and paracrine 



 

levels (76), requiring spatial information that is not captured with scRNA-seq data. In our model, 

we found that more two-thirds of the predicted interactions involved at least one shared cell type 

producing the primary and secondary cytokines (fig. S7), indicating that most cytokine signaling 

occurs at least at a partially autocrine level. However, with the increasing availability of spatial 

transcriptomics platforms, there is exciting potential for this limitation to be overcome (77–80). 

 

In the future, more focused studies will be required to further disentangle the hierarchical and 

signed (stimulatory or inhibitory) nature of cytokine-cytokine interactions. Patient-derived 

organoid models provide a disease-specific genetic background (81), can be co-cultured with 

certain immune cell populations, and serve as a scalable in vitro model system that can be 

challenged with multiple compounds (82, 83). Appropriate time-series experiments could 

disentangle whether the cytokine-cytokine interactions are directly caused by the addition of an 

“upstream” cytokine or by second- or third-order effects. Although the method discussed in this 

work uses scRNA-seq data as its input, alternative methods exist that could be repurposed for 

cytokine-cytokine interaction inference using less expensive bulk transcriptomics data (84), 

paving the way to a much larger repository of publicly available datasets. Whereas more targeted 

validation is needed to confirm the directionality and stimulatory or inhibitory nature of the 

predicted cytokine-cytokine interactions, the ability to organize cytokine communication in 

relevant hierarchies could be harnessed to indicate future upstream targets, if direct intervention 

would not be available or desirable. 

 

In conclusion, using our systems biology approach, we mapped the network of cytokine-cytokine 

interactions underpinning UC, revealing distinct interactions according to inflammatory state and 



 

treatment exposure. We identified key rewired cytokines across disease states, a subnetwork of 

cytokine-cytokine interactions in inflamed colonic mucosa unique to treatment-naive UC patients, 

and pinpointed the putative JAK paralog proteins participating in each cytokine-cytokine 

interaction. Our analysis highlighted TL1A as an important upstream regulator of TNF, IL-23A, 

and other cytokines, and a potential driver of pro-fibrotic signaling in UC. Thus, our systems 

immunology modelling reveals insights that have the potential to inform the development of novel 

therapeutic strategies in UC. Although this study specifically focused on cytokine signaling in UC, 

our approach can be used to interrogate cytokine signaling in other inflammatory or infectious 

diseases to better understand how cytokine interactions contribute to the pathological mechanisms 

of disease. 

 

MATERIALS AND METHODS 

Data processing 

Integrated, pre-processed scRNA-seq gene expression data was downloaded from scibd.cn (21) in 

.rds format. Data were read and processed with the Seurat (85) (version: 4.3) and tidyseurat (86) 

packages (version: 0.6). Samples were separated by disease condition (that is, UC, healthy) and 

status (inflamed, noninflamed) using the annotation provided by scIBD. Samples annotated as 

adult tissue biopsies were used for the generation of cytokine networks. In addition to the original 

disease conditions provided by the scIBD metadata, we generated an additional “UC inflamed 

naive” condition in the UC dataset. Using the supplementary information from the studies included 

in scIBD, in which patient treatment data were assigned to individual samples (rather than on a 

cohort level). Seven samples [studies: (2) Kinchen et al. (87), (3) Parikh et al. (88), (2) Corridoni 

et al. (89), sample identifiers: 'GSM3214201_A3', 'GSM3214204_B3', 'GSM3214207_C3', 



 

'GSM4483695_S24','GSM4483696_S33','GSM3140595_UC1','GSM3140596_UC2') in UC did 

not receive any immunomodulatory or biologics treatment, and thus were considered treatment 

naive. Subsequently, these patients were removed from the “UC inflamed” category, which we 

then termed “UC inflamed treated.” We attempted to generate similar subclasses for the ‘UC 

noninflamed’ condition, but in that case, only three patients could be assigned to the “UC 

noninflamed naive” condition, which due to its small size was not comparable with the rest of the 

data. However, these three patients were excluded from the ‘UC noninflamed treated’ condition to 

achieve a more consistent output. 

 

Construction of cytokine-cytokine networks 

We used the R package NicheNet (prior model v2) to establish the cytokine-cytokine networks in 

IBD for each disease condition (healthy, UC: inflamed naive, inflamed treated, noninflamed 

treated) (22). The Seurat identity classes of the scIBD object were set to “minor_cluster”, 

containing the established cell types in the dataset. The gene set of interest was determined as all 

cytokines that were considered as such in the systems immunology databases ImmunoGlobe and 

ImmuneXpresso (70, 71) (table S1). The ligand activity analysis of NicheNet was performed for 

each cell type, querying cytokine ligands, indicating their potential in regulating their target gene 

sets of interest (downstream cytokines). Ligands were considered active if they achieved a Pearson 

correlation value > 0.1. The top-predicted target genes of the active cytokine ligands were 

established with the target prediction evaluation protocol in NicheNet, a multi-ligand random 

forest model with k-fold cross-validation (k = 5). Target downstream cytokines from the gene set 

of interest were kept if they were predicted in every cross-validation round. 

 



 

Edge weights 

To quantify the weight of the cytokine-cytokine interactions we used the number of cell type 

interactions participating in each cytokine-cytokine interaction. Individual cytokine-cytokine 

interactions were constructed by connecting cytokine-producing cell types with NicheNet that 

could plausibly influence each other's activity. In general terms: cell1 → cytokine1 → cell2 → 

cytokine2. Specific examples are as follows. A: Inflammatory monocyte → IL-1b → CD8+ T cell 

→ IL-4; this is an example of a IL-1b → IL-4 cytokine-cytokine interaction. B: Inflammatory 

monocyte → IL-1b → CD16+ NK cell → IL-4: this is an example of a different IL-1b → IL4 

cytokine-cytokine interaction, for which the site of IL-4 production differs. For this example, the 

edge weight for IL-1b → IL4 would be two, because two combinations of cell types provide the 

cytokine-cytokine interaction in this case. To better highlight differences between the edge weights 

compared to healthy, we calculated their log2 ratios compared to the healthy condition, for 

example, log2FC_IL1B_IL4_inflamed_naive = log2( IL1B-IL4_inflamed_naive/IL1B-

IL4_healthy). 

 

Network rewiring 

The Cytoscape (version 3.9.1) (90) app DyNet (version 1.0) (40) was used to calculate the rewiring 

values between the network states, using the multiple comparison mode. 

 

Network characteristics 

The global and local importance of cytokine nodes in the networks was calculated with the 

tidygraph package (version 1.2.3), using the centrality_degree and centrality_betweenness 

functions. For the hierarchical clustering of networks, the dissimilarity matrix was calculated from 



 

the adjacency matrices of the networks with the dist function in R, using the “euclidean” method. 

Clustering was performed using the hclust function, with the method set to “complete.” The 

resulting object was written to a newick file with the ape package (91) was and visualized with the 

iTOL web service (92). 

 

Cytokine paths 

To find the shortest paths between queried source and target nodes, we used the PathLinker (93) 

Cytoscape application, with default settings. 

 

Anti-TL1A affected cytokines 

We used the results from Fig. 2B of the study by Hassan-Zahraee et al. (65) to collect the list of 

cytokine genes whose expression was significantly decreased after anti-TL1A treatment compared 

to baseline (IL1B, IL23A, CCL20, IFNG, and TNF). 

 

JAK specificity of cytokine–cytokine interactions 

We used the get_ligand_signaling_path function from NicheNet to query the intracellular nodes 

in each cell type used by each cytokine-cytokine interaction, with the “top_n_regulators” argument 

set to 10, and the NicheNet-weighted network filtered to contain only expressed genes. For each 

cytokine-cytokine interaction, the JAK proteins involved in the signaling pathways were recorded. 

To assess the precision of the affected interactions, we compared the number of correct and 

incorrect JAK usages for nine cytokines for which their JAK preferences are known and their 

downstream targets are found in the network (11). 

 



 

Open Targets global score 

The OpenTargets global score was downloaded by querying “ulcerative colitis” (EFO_0000729) 

on the Open Targets Platform (https://platform.opentargets.org/) (accessed 01/02/2024). The 

results were exported as a .tsv file, and the resulting hits were filtered to only contain cytokine 

genes present in our study. For the calculation of the global score and source data weights please 

refer to https://platform-docs.opentargets.org/associations. Correlation with degree was calculated 

with the stat_cor function of the ggpubr package (version 0.6.0). 

 

Three-dimensional (3D) colonic organoid culture 

Four human organoid lines from the Imperial BRC Organoid biobank were used in this study. 

These lines were generated from rectal or sigmoid colon tissue from patients with quiescent to 

mild UC (2 women and 2 men between 30 and 72 years of age). Derived organoid lines were 

cultured as 3D structures embedded in Matrigel ExtraCellular Matrix, (Corning, Growth Factor 

Reduced Cat # 356231) diluted with Advanced DMEM/F12 medium using a 4:1 ratio 

(Thermofisher Scientific, Cat # 12634) in Corning 3527 24-well plates (VWR International Gmbh, 

Cat # 734-1605). Organoids were expanded and fed every other day with complete Intesticult 

Organoid Growth Medium (OGM, Human, StemCell Technologies, Cat # 06010), supplemented 

with 10 µM Rho Kinase inhibitor Y-27632 (Tocris, Cat # 1254) and 100 µg/ml Primocin 

(Invivogen, Cat # ant-pm-1) at 37°C, 5% CO2 in a humidified incubator. Organoids were then 

differentiated in complete Intesticult Organoid Differentiation Medium (ODM, Human, StemCell 

Technologies, Cat # 100-0214) supplemented with 10 μM g-secretase inhibitor (DAPT) (Biotechne 

Ltd, Cat #2634/10) and 100 µg/ml Primocin. Differentiation was performed at 37°C, 5% CO2 in a 

humidified incubator. Organoids were cultured for 4 days before any treatment. 



 

 

Colonic organoid IFN-g treatments 

The inflammatory status of the differentiated UC patient organoids was regained through a 24-

hour treatment with a cocktail containing 100 ng/ml TNFα (Invivogen, Cat # rcyc-htnfa), 20 ng/ml 

IL-1β (Peproteck, UK, Cat # 200-1B) and 100 ng/ml Flagellin (Invivogen, Cat # tlrl-fliC-10) in 

complete ODM containing 10 μM DAPT and 100 µg/ml Primocin. When required, 100 ng/ml 

IFNγ (Thermo Fisher Scientific (Hemel), Cat # PHC4031) was added to the medium 

concomitantly or not to the inflammatory cocktail for the 24-hour incubation before the 

experimental end point. At the end of the experiment, the potential cytotoxicity of the conditioned 

medium was tested on an aliquot of medium collected from each technical replicate with the 

CytoTox 96 Non-Radioactive Cytotoxicity Assay kit (Promega, Cat # G1780). Each condition was 

tested in 8 technical replicates for each organoid line (biological replicates). 

 

RNA extraction 

At the end of the experiment, each colonic organoid-containing Matrigel dome was rinsed with 

pre-warmed DPBS (Merck, Cat # D8537). For each condition, the organoids were harvested in 

cell recovery solution (Corning®, Cat # 354253), technical replicates were pooled two by two to 

ensure enough material was obtained for RNA subtraction. Organoids were then spun down at 

300g at 4°C for 5 min and immediately lysed in the β-mercaptoethanol–containing lysis solution 

with the RNeasy minikit (Qiagen Cat # 74104). RNA was extracted according to the 

manufacturer’s instructions and eluted in 10 mM Tris-HCl, pH 8. All samples with an RIN >=7 

were used for sequencing. 

 



 

Library preparation and sequencing 

The libraries for this study were constructed by the Technical Genomics Team at the Earlham 

Institute, Norwich, UK, using the NEBNext Ultra II RNA Library prep for Illumina kit 

(NEB#E7760L), NEBNext Poly(A) mRNA Magnetic Isolation Module (NEB#E7490L), and 

NEBNext Multiplex Oligos for Illumina (96 Unique Dual Index Primer Pairs) (E6440S/L) at a 

concentration of 10 µM. Library preparation was performed on a Perkin Elmer (formerly Caliper 

LS) Sciclone G3 (PerkinElmer PN: CLS145321). RNA (1 µg) was purified to extract mRNA with 

a Poly(A) mRNA Magnetic Isolation Module. The technology is based on the coupling of Oligo 

d(T)25 to paramagnetic beads, which facilitates the binding of poly(A)+ RNA. Isolated mRNA 

was then fragmented for 12 min at 94°C, and first-strand cDNA was synthesized. This process 

reverse-transcribes the RNA fragments primed with random hexamers into first-strand cDNA 

using reverse transcriptase and random primers. The second strand synthesis process removes the 

RNA template and synthesizes a replacement strand to generate double-stranded cDNA. 

Directionality was retained by adding dUTP during the second strand synthesis step and 

subsequent cleavage of the uridine-containing strand with USER Enzyme (a combination of UDG 

and Endo VIII). NEBNext Adaptors were ligated to end-repaired, dA-tailed DNA. The NEBNext 

Adaptors with novel hairpin loop structure are designed to ligate with high efficiency and minimize 

adaptor-dimer formation. The loop contains a U, which is removed by treatment with USER 

Enzyme to open the loop and make it available as a substrate for PCR. The ligated products were 

subjected to a bead-based purification with Beckman Coulter AMPure XP beads (A63882) to 

remove most of the un-ligated adaptors. Adaptor Ligated DNA was then enriched by receiving 10 

cycles of PCR (30 s at 98°C, 10 cycles of: 10 s at 98°C, 75 s at 65°C, and 5 min at 65°C, with a 

final hold at 4°C). Barcodes were incorporated during PCR with NEBNext Multiplex Oligos for 



 

Illumina (96 Unique Dual Index Primer Pairs) thereby enabling multiplexing. The size of the 

libraries was estimated with the Perkin Elmer GX Touch DNA High Sensitivity assay (DNA High 

Sensitivity Reagent Kit CLS760672), and the concentrations were quantified by fluorescence, with 

a high-sensitivity plate reader Quant-iT dsDNA Assay Kit, (ThermoFisher Q-33120). The 

resulting libraries were then equimolarly pooled, and q-PCR was performed on the pool before 

sequencing. The pool was sequenced on one lane of an Illumina NovaSeq 6000 S4 flow cell with 

150-bp paired-end reads. 

 

Bulk RNA-seq processing 

Bulk RNA-seq data was preprocessed by our in-house TranscriptOmiX pipeline 

(https://github.com/korcsmarosgroup/Transcriptomix). The pipeline is made up of the following 

steps: Pre-alignment Quality Control (FastQC (version v0.12.0) (94), generating genome index 

[STAR (version 2.7.10a) genomeGenerate with sjdbOverhang 99, using GRCh38.108 genome 

annotations], Alignment (STAR alignment) (95), Quantification [featureCounts (version 1.22.2)] 

(96), Post Alignment Quality control [MultiQC (version 1.14)] (97). Differential expression 

analysis was performed on normalized counts by DESeq2 (version 1.34.0) (98) (padj_cutoff = 

0.05, alpha = 0.05) with lfcShrink, comparing all pairwise conditions. 

 

Tissue-derived human small intestinal organoid generation, maintenance, and maturation 

Tissue-derived human small intestinal organoids (hSIOs) were established according to a 

previously published protocol (99). The cultures were passaged every 7 to 10 days by enzymatic 

dissociation with TryplE (12604013, Thermofisher). The cells were then spun down, resuspended 



 

in Matrigel (Corning), and fed with complete Organoid Growth Medium (STEMCELL 

Technologies) (table S3). 

 

ILC1 maturation from innate lymphoid cell precursors and co-culture with iPSC-derived 

human small intestinal organoids 

ILC1s were matured and expanded from innate lymphoid cell precursors (ILCPs). ILCPs were 

isolated with a BD FACS ARIA II/III based on the following markers: CD45+, Lineage (CD14, 

CD19, CD20, CD3, TCRαβ, TCRγδ)-, CD127+, KLRG1-, CD4-, NKp46-, CD56-, CRTH2-, and 

cKIT+. ILCPs were co-cultured with iPSC-derived human intestinal organoids (HIO) in ILCP 

expansion medium for 14 days, according to previous protocols (100, 101) to differentiate them 

into intestinal-like ILC1s (fig. S8). KUTE-4 iPSCs were previously generated (102) and 

maintained on tissue culture plates coated with Vitronectin (StemCell Technologies) in Essential 

8 medium (Gibco). iPSCs were passaged as disrupted clusters every 4 to 7 days with Versene 

(Gibco) with 10 μM Y-27632 (a Rho kinase inhibitor; TOCRIS) added for the first 24 hours after 

passaging. iPSC-derived human intestinal organoids (HIOs) were generated according to 

previously established protocols (103, 104), with substitution of recombinant Wnt3a (105) for the 

GSK3 inhibitor CHIR99021 and the addition of IL-2 (2 ng/ml) to the HIO maturation medium 

(table S3) (106) for further maturation. HIOs were passaged and reseeded in Matrigel every 8 to 

14 days. HIOs were matured for at least 4 weeks in HIO maturation medium before use in 

experiments. 

 

ILC1 and hSIO co-culture set-up 



 

Five days before the co-culture was established, hSIOs were fed with complete Organoid 

Differentiation Medium (STEMCELL Technologies) (table S4) to induce stem cell differentiation 

into mature intestinal cells. On the first day of co-culture, hSIOs were harvested, spun down and 

counted. Approximately 150 to 200 organoids were combined with 2 x 104 FACS-purified ILC1s 

(CD45+, Lineage (CD14, CD19, CD20, CD3, TCRαβ, TCRγδ)-, CD4-, CRTH2-, cKIT-, CD56-, 

CD161+) per well before centrifugation at 300g for 5 min and resuspension in Matrigel. For hSIO-

only controls, 150 to 200 hSIOs were also plated in monocultures. Both ILC1-hSIO co-cultures 

and hSIO monocultures were maintained in 500 μl of human co-culture medium (tableS4) for 5 

days. Each day, 100 μl of medium was removed from the cultures and stored at -80°C for 

subsequent analysis, and an additional 150 μl of human co-culture medium was added on top of 

the cultures. 

 

Cytokine analysis from co-culture medium 

Cytokine concentrations in co-culture medium were quantified by LEGENDplex Mix-and-Match-

Panel bead assays (BioLegend). The Human Proinflammatory Chemokine Panel LEGENDplex 

assay was used to detect CCL17, CCL5, CXCL11, CCL3, CXCL1, CCL20, and CXCL10 

(#740991, #740992, #740997, #740993, #740996, #740995, #740989, respectively) in day-4 

samples. The Human Neuroinflammation Panel 1 LEGENDplex assay was used to quantify the 

amounts of CCL2, IL-6, TNF-α, and β-NGF (#740793, #740800, #740803, #740802, respectively) 

in day-5 samples. Finally, the Human Cytokine Panel 2 LEGENDplex kit was used to measure the 

concentrations of IL-1β, GM-CSF, IL-18, and IL-1α (#741380, #740106, #741382, #740104, 

respectively) in day-3 samples. Culture medium (25 µl) was applied neat and in 1:10 dilution in 

assay buffer for the measurements. The LEGENDplex assays were performed according to the 



 

manufacturer’s instructions. A BD LSRFortessa instrument was used for flow cytometry analysis 

of the assay beads. To calculate the cytokine concentrations in the medium, we used the 

LEGENDplex software from BioLegend (https://legendplex.qognit.com). 

 

Computational analyses to validate cytokine-cytokine interactions  

To validate the physiological relevance of cytokine-cytokine interactions, we compared them to 

multiple experimental datasets. First, we downloaded the differential expression results of the 

Immune Dictionary study from Supplementary Table 3 of the study by Cui et al. (23), to compare 

cytokine responses in immune cell populations to upstream cytokines administered to mice 

models. Mouse gene identifiers were mapped to human symbols using the 

convert_mouse_to_human_symbols function in NicheNet. The significance of target set overlap 

and set similarity were determined between the Immune Dictionary results and all generated 

cytokine networks, where comparable source cytokines (that is, cytokines affecting other 

cytokines) were found. To calculate the significance of the overlap between cytokine target genes 

captured by the computational model and the experiments used for validation, for the Immune 

Dictionary results, we used the hypergeometric test from R (version 4.1.2) with the phyper 

function, with the argument lower.tail set to false. Multiple testing was corrected with the “fdr” 

method of the p.adjust function in R. The similarity of the input sets was measured with the 

Jaccard-index, calculated with a custom R function. To compare the computational results to the 

organoid experiments, the generated cytokine networks from the UC conditions were filtered to 

contain only interactions between epithelial cell types also present in colonic organoid models 

(Goblet, Enterocyte, Cycling TA, TA, Enteroendocrine, Adult colonocyte, Pediatric colonocyte, 

and BEST4+ epithelial). We compared the downstream cytokine targets of IFN-g in these reduced 

https://legendplex.qognit.com/


 

models with differentially expressed cytokine genes from bulk RNA-seq data from patient-derived 

UC colonic organoids treated with IFN-g, as described earlier. To determine the enrichment of 

predicted IFN-g target cytokines, we classified the target cytokines as a new gene set and used 

them as input for gene set enrichment analysis (GSEA) with the R library fgsea (version 1.32) 

(107). Results were visualized with enrichment plots and quantified using normalized enrichment 

scores (NES). When validating the healthy network, the same approach was used: cells were 

filtered to only contain interactions between epithelial cell types also present in colonic organoid 

models, and the downstream cytokine targets of TNF, IFN-g, and IL-17A were assigned to their 

respective gene sets. Differential gene expression results from the study by Pavlidis et al. (29) 

were downloaded from GEO (Accession GSE190634) and processed using GEO2R with default 

settings. The GSEA of the TNF, IFN-g, and IL-17A gene sets was executed as for the UC networks, 

using fgsea (version 1.32) with nperm set to 1000. For the analysis of co-cultured ILC1 cells and 

hSIOs, a reduced in silico model was generated as for the colonic organoids. Integrated scRNA-

seq data from the original scIBD object were filtered for ‘healthy’ disease state and ‘smallInt’ 

tissue, and the resulting object was processed with the cytokine network pipeline as described 

earlier. To ascertain the downstream cytokine targets of TGFB1, IFNG, and TNF, the target cells 

in the resulting network were filtered in the same manner as for the colonic organoid models, only 

containing organoid-relevant epithelial cell types. We chose the 20 downstream targets of TGFB1, 

IFNG, and TNF that were shared by both the colonic and small-intestinal in silico model for 

experimental validation (CCL17, CCL2, CCL5, CSF1, CXCL10, CXCL11, IL1B, IL33, IL6, TNF, 

TNFSF13B, CCL3, CXCL1, NGF, PDGFA, WNT5A, CCL20, CSF2, CXCL3, and IL1A), 14 of 

which were included in the selected BioLegend assays. For the statistical analysis of the results, 

the LEGENDplex software output files were read into R, and the predicted concentration values 



 

of co-culture and standalone organoid samples were tested using the Wilcoxon-Rank Sum test, 

and normality was tested using the Shapiro-Wilk test (‘shapiro.test’ in R). The results from the 

neat dilution experiments were used in the final analysis, and plots were generated with the ggpubr 

package (108). 
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Fig. 1. Generating condition-specific cytokine networks in UC. (A) The computational pipeline 

processes data from the scRNA-seq IBD atlas scIBD. Data were processed with NicheNet, with 

the gene set of interest set to a list of cytokines. It connected active cytokine ligands to their 

putative cytokine targets, resulting in condition-specific cytokine networks. (B) Hierarchical 

clustering of networks according to disease and treatment status. The generated networks were 

https://github.com/korcsmarosgroup/ulcerative-colitis-cytokine-networks


 

comparable in size, with the inflamed, treatment-naive network having the largest number of 

interactions. (C) Network visualization displaying all generated interactions in the networks, and 

highlighting the cytokines with the largest number of interactions (highest degree). The employed 

centrality network layout emphasizes betweenness centrality, a measure of how often each 

cytokine appears on the shortest paths connecting other cytokines in the network. The most central 

cytokines are positioned closer to the center. 

 

Fig. 2. Validation of cytokine-cytokine interactions. (A) Comparison of target sets of xxx 

between predicted interactions and differential expression results from the Immune Dictionary 

resource of Cui et al. (23). Twelve of the twenty shared source cytokines had significantly 

overlapping target sets. (B) Enrichment plot showing the enrichment of IFN-g targets among 

differentially expressed genes from patient-derived inflamed colonic organoids treated with IFN-

g. Data are from organoids from four donors. (C) Enrichment of target sets of multiple cytokine 

genes in inflamed, noninflamed, and healthy colonic organoid transcriptomics data. Normalized 

Enricment Score (NES) quantifies the degree of enrichment. (D) Downstream cytokines with 

significantly altered protein amounts after co-culture of xxx with ILC1s . (n=3 for standalone, n = 

4 for ILC1 co-cultures). We observed a significant change in protein concentration for 57% of 

predicted targets (Wilcoxon Rank Sum test, p-value <= 0.05). Supplementary Figure 3 details p-

values for all measured cytokines. 

 

Fig. 3. A specific subnetwork of cytokine-cytokine interactions characterizes treatment-naive 

inflamed UC tissues. (A) Jaccard index distribution of cytokine-cytokine interactions. For each 

cytokine-cytokine interaction the Jaccard-index measures the overlap in contributing cell types (as 



 

source or target) between the disease condition and healthy controls. The inflamed treatment-naive 

condition shows significantly lower median Jaccard indices that the inflamed treatment-exposed 

condition (median inflamed-naive = 0.27, n inflamed-naive = 493, median inflamed-treated = 0.38, 

n inflamed-treated = 422, Wilcoxon-Rank Sum test P < 1.6e-06). (B) Degree and betweenness 

centrality differences between inflamed treatment-naive and treatment-exposed networks. (C) 

Cytokine interaction subnetwork containing interactions exclusively present in inflamed 

treatment-naive ulcerative colitis patients. Nodes are arranged hierarchically, to show the direction 

of information flow through the cytokine network. (D) Bar plots showing the in-degree (incoming 

interactions, top) and out-degree (outgoing interactions, bottom) of nodes in the cytokine 

subnetwork exclusive to inflamed treatment-naive ulcerative colitis patients. (E) Cytokines with 

currently targeted by biologic agents (TNF, IL23A) in the treatment-naive state. 

 

Fig. 4. Cytokine network rewiring and shared interactions. (A) Distribution of degree-

corrected rewiring scores ascertained through the DyNet network rewiring algorithm. The top-

scoring cytokines are highlighted. (B) The top rewired nodes shared across all networks (C) 

Representation of the first neighbors of the rewired nodes IL-22 and OSM in tissues of the 

indicated sources. Interactions are coloured according to the compared states. Dashed lines refer 

to interactions found exclusively in UC, solid lines are present in all networks. (D) Missing (left) 

and shared (right) subnetworks in UC. The largest connected components of the missing (exclusive 

to healthy) and shared (exclusive to UC) interactions are shown next to the Venn-diagrams. The 

number of shared interactions, and their percentage share is shown in the Venn-diagrams. 

 



 

Fig. 5. JAK paralog specificity of cytokine networks. (A) Left: The numbers of JAK proteins 

used by the generated cytokine-cytokine interactions. Right: The ratio of usage of the indicated 

JAK proteins per cytokine-cytokine interaction type. (B) List of the known JAK protein usage 

preferences of the indicated cytokines, and the percentage of correctly identified JAKs in the 

predicted intracellular signaling pathways. (C) DyNet rewiring compared to the inflamed-naive 

network after the removal of cytokine interactions mediated by the indicated JAK paralogs. Only 

the top values are shown. (D) Analysis of the effect of removing the indicated JAK protein 

interactions (through the use of specific inhibitors) on cytokine networks involving IL-22 and 

OSM in the UC inflamed, treatment-naive condition. 

 

Fig. 6. TL1A as a drug target in the treatment-naive cytokine network. (A) The UC inflamed 

treatment-naive cytokine network with the OpenTargets global score overlaid on the cytokines. 

(B) List of the highest OpenTargets global score of cytokines and the availability of UC drugs. (C) 

Scatterplot of the log2 edge weight values compared to the healthy controls and the Jaccard index 

of cell type similarity compared to the healthy condition. (D) Cell types contributing to the 

expanded TL1A-TNF interaction among healthy controls and UC inflamed, treatment-naive 

conditions. (E) First neighbors of TL1A in the inflamed treatment-naive network. UC-specific 

interactions are shown with dashed lines. (F) Interactions from TL1A to all significantly affected 

cytokines after anti-TL1A treatment as shown by Hassan-Zahraee et al. (65). 


