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genes
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Liquid-liquid phase separation (LLPS) associates with immune infiltration in multiple diseases.
Nonetheless, the role of LLPS-related genes (LLPS-RGs) in immune infiltration of ulcerative colitis
(UQ) is still elusive. We identified the hub LLPS-RGs (DE-LLPS-RGs) (HSPB3, SLC16A1, TRIM22, SR,
PLEKHG6, GBP1, PADI2) by machine learning algorithms. Hub genes were screened that displayed
high prediction accuracy of UC patients. Both the microarray and scRNA-seq datasets showed a strong
correlation with immune cell infiltration and cytokines, especially GBP1, TRIM22, SRI. And qRT-PCR
analysis showed that GBP1 play a pro-inflammatory role in UC. Two distinct clusters were identified,

in which cluster A displayed higher immune infiltration level compared with the cluster B. The top
targeted biological pathways of two clusters were distinct, glutamate receptor antagonist ranked top
for cluster A while HDAC inhibitor ranked top in cluster B. External cohort and UC cell model validation
indicated the similar immune infiltration levels, gene expression and cytokine expression patterns. We
determined the seven high accuracy diagnostic genes of UC patients and provide a new perspective on
immunoregulation in UC pathogenesis. And suggest patient stratification and candidate targets for
precision treatment based on hub genes screened.
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Abbreviations

LLPS liquid-liquid phase separation

uC Ulcerative colitis

GSEA Gene set enrichment analysis

ssGSEA Single sample GSEA

GO Ontology enrichment

KEEG Kyoto encyclopedia of genes and genomes pathway analysis
LASSO Least absolute shrinkage and selection operator
SVM Support vector machine

RF Random forest

DEGs Differential expression genes

DE-LLPS-RGs  Differential expression LLPS-related genes
NETs Neutrophil extranuclear traps

RRA Robust rank aggregation

IBD Inflammatory bowel diseases

ScRNA-seq Single cell RNA sequence
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t-SNE t-distributed stochastic neighbor embedding method (t-SNE)
BCR B cell receptor

DC Dendritic cell

Tregs Regulatory T cells

cMAP Connectivity map

Ulcerative colitis (UC) is one of the inflammatory bowel diseases (IBD), characterized by a chronic inflammatory
process involving the proximal colon or rectum!. To date, the etiology of UC remains unclear, but evidence
suggests that genetic factors, luminal factors, gut microbiota, and immune dysfunction, including dis-regulated
innate or adaptive immunity, participate in the development of UC!=. UC is known to be driven by type II
helper T cells and multiple cytokines produced by T cells or macrophages, such as IL-13, TNE, TGF-p, IL-9,
and IL-23, in the lumina propria*®, and patients with UC may benefit from the anti-cytokine therapy such
as ustekinumab, which targets IL23p40 and shows an anti-inflammatory effect in IBD patients®. In addition,
neutrophilic immune responses also play a key role in UC immune dysfunction. Studies have shown that
enzymes and proteins that make up neutrophil extranuclear traps (NETs), including neutrophil elastase and
myeloperoxidase, are significantly increased in the mucosa of patients with UC, even when they are in remission’.
However, a detailed understanding of the immune response in UC remains elusive, and whether liquid-liquid
phase separation (LLPS), specifically, regulates immune dysfunction in patients with UC remains unclear.

Various biological reactions occur in specific intracellular spaces, particularly in membranous organelles such
as the endoplasmic reticulum and mitochondria®. Proteins, nucleic acids, and other vital molecules are limited to
a compartment in these organelles unless a disease state triggers cell apoptosis and an innate immune response,
causing leakage of cytochrome C or nucleic acids into the cytoplasm, for example®!?. However, the question
remains as to how organelles without membranes or compartment-free areas of a cell limit molecular reactions.
LLPS, which was first described by Edmund Beecher Wilson in 1899, could explain this phenomenon!!. LLPS
is associated with crucial biological functions, including gene expression, autophagy, and neuronal synaptic
signaling!>!%. Aberrant LLPS has been implicated in many diseases, including neurodegenerative disease,
cancers, SARS-CoV-2 infection, and cardiovascular disease'?!4!%. Notably, LLPS also plays a crucial role in
immune responses!®. Receptors and their ligands on the surfaces of immune cells form microclusters. A typical
example is TCR signaling through T cell microclusters, which involves multivalent interactions of three key
proteins, LAT, SOS1, and GRB2, at high density'®!”. In contrast, B cell receptor (BCR) signaling begins in the
cytoplasm before integration into the membrane where the BCR signaling pathway is activated'®. Similar to T
cell microclusters, innate immune receptors and ligands also form microclusters on cell surfaces, including the
FceRI receptor on mast cells!®. And the role of LLPS in UC immune response is still a mystery.

To investigate whether LLPS is associated with or regulates immune responses in patients with UC, we
first acquired gene expression profiles of UC and normal tissue samples from the GEO database. Differential
expressed-LLPS-related genes (DE-LLPS-RGs) were extracted and used to construct multiple machine learning
algorithms to identify hub LLPS-RGs in UC patients. In addition, the potential biological functions of these
genes and immune landscapes were investigated and verified in Single cell RNA sequence (scRNA-seq) data,
external dataset or experiment. Moreover, 268 patients with UC were separated into two subgroups based on
expression patterns of hub genes. The underlying biological differences and candidate drugs of two distinct
cluster were investigated. Our study provides insights into the immunoregulation of LLPS in UC and suggests
potential treatment targets for patients with this disease.

Method

Data collection and preprocessing

GSE87473 (21 normal samples and 106 UC samples) and GSE92415 (21 normal samples and 162 UC samples)
were obtained from the GEO database (https://www.ncbi.nlm.nih.gov/geo/) and transformed to log2 form.
Subsequently, the two datasets were merged and the batch effect was eliminated by the R package “sva”?’. DrLLPS
data resource (http://llps.biocuckoo.cn/index.php) version 1.0 incorporates 987 regulators, 150 scaffolds, and
8,148 potential clients to obtain DE-LLPS-RGs. Due to species limitations, 3,633 LLPS-RGs were extracted for
subsequent analyses (supplementary Table S1)?!.

Identification of differential expression of LLPS genes in UC samples

The differentially expressed genes (DEGs) of GSE87473 and GSE92415 were obtained under the threshold of
adjust.p<0.05 and [logFC| > 1 using the R package “limma®?? and displayed in a heatmap. DEGs from the merge
dataset were integrated by the R package “RRA”

Biological functions analysis

Ontology (GO) enrichment, Kyoto Encyclopedia of Genes and Genomes (KEGG) pathway analysis?’, Gene
Set Enrichment Analysis (GSEA) and single sample GSEA (ssGSEA) were adopted to determine potential
biological functions or immune cell infiltration by using R package “clusterProfiler”?*. p<0.05 and FDR<0.25
were considered statistically significant.

Machine learning approach

The shared hub genes were filtered for subsequent analysis using three machine learning algorithms: least
absolute shrinkage and selection operator (LASSO), support vector machine (SVM), and random forest (RF).
The LASSO regression, SVM, and RF analyses were carried out using the R packages “glmnet”?, “kernlab”?®, and
“randomForest, ” whereas the “circlize” R package?” was used to illustrate interactions between the hub genes. A
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receiver operating characteristic (ROC) analysis was performed using the “pROC” R package to further evaluate
gene prediction capacity and the ability to discriminate UC from non-UC samples?.

Immune landscape analysis

We used the CIBERSORT deconvolution algorithm to identify differences in infiltrating abundances of 22
immune cells?. The outcomes were visualized in a violin graph produced using the “corrplot” and “ggplot2”
packages in R. The relationships between hub genes and immune cells were estimated using Spearman’s
correlation coefficients. The relationships between hub genes and key cytokines in UC pathology (obtained from
the literature) was estimated using Spearman’s correlation coefficients.

scRNA-seq analysis the hub genes in UC patients

The dataset GSE162335 which contained UC patients scRNA-seq was downloaded from GEO database. Before
quality control, there were a total of 55,931 cells, of which 18,375 were inflamed UC cells. Following quality
control procedures, cells and genes exhibiting low expression levels were excluded to maintain a mitochondrial
percentage per cell below 5%, while ensuring gene features ranged between 200 and 2500. After filtering, a
total of 15,012 cells were identified. Single-cell data was processed using the “Seurat 5.1” package®, whereby
all cells were segregated into distinct clusters. The “Harmony” package was adopted to remove batch effects.
Specificlly, the “LogNormalize” method was adopted to normalized and the “vst” method was performed and
identified 2000 highly variable genes (HVGs). According to the expression of HVGs, PCA was performed and
20 principal components were selected for t-SNE analysis with a resolution of “0.1” to identify distinct clusters.
The “FindAllMarkers” function with a logfc.threshold of 0.25 was employed to identify the DEGs in each cluster,
and marker genes for each cluster were identified using avg _log2FC>1 and p.val.adj<0.05. To annotate each
cluster, the “BlueprintEncodeData” dataset from the R package “celldex” served as a reference, and “SingleR”
was utilized.

Subgroups identification based on hub gene expression patterns

Firstly, we performed an unsupervised hierarchical clustering analysis to divide UC patients into two clusters
based on expression patterns of hub genes using the R package “ConsensusClusterPlus™*! (k=2). Next, DEGs
and potential functions of genes in the two clusters were determined®!, and the immune landscape of the two
clusters were assessed.

Potential drugs analysis for UC clusters

We performed the Connectivity Map (cMAP) analysis (https://clue.io/) to identify the candidate drugs for two
subgroups of UC patients. cMAP analysis, a novel biomedical research tool, was constructed to connect the
genes, drugs and diseases based on the shared gene-expression signatures whereby to identify candidate targeting
drugs for disease®>%. Specifically, DEGs between two subgroups were identified using R packages “limma’, and
the top 150 down-regulated genes and all the 119 up-regulated genes were adopted to cMAP analysis with the
query parameters: “Gene expression (L1000), Touchstone, Individual query, 1.0

Cell culture, UC cell model construction and transfection

CRC cell line HT29 was purchased from ATCC and cultured at 37°C incubator with 5% CO2 concentration
supplemented with total RPMI1640 medium (with 10% fetal bovine serum and 1% penicillin streptomycin)*.
100 ng/m] TNF-a was added to treat group for 24 h to construct UC cell model. GBP1 shRNA plasmids (MiaoLing
biology, China) were transfected into HT29 to construct stable knockdown cell following the standard protocol.

Tissue collection

Human colon biopsies including 4 healthy individuals and 6 UC were obtained from the Department of
Gastroenterology, Zhongnan Hospital of Wuhan University. All tissues were flash-preserved at — 80 °C. Allhuman
biopsies were collected with informed permission from all subjects, and the Ethics Committee at Zhongnan
Hospital of Wuhan University [No. 2024062 K]. All procedures performed with human participants were in
accordance with the 1964 Declaration of Helsinki and its later amendments or comparable ethical standards.

Real time quantitative PCR (RT-qPCR) analysis

Briefly, total RNA was extracted by Trizol Reagent (Invitrogen) and 1 pg RNA was reversed to cDNA follow up
the instruction of cDNA Synthesis Kit (Vazyme). RT-qPCR assays were performed follow up the instruction of
CFX Connect™ PCR System (Bio-Rad)*”. All the primers were displayed in supplementary Table S2.

Western-blot

The whole protein from the UC cell model was extracted using RIPA (Biosharp, China). Following 8-12% SDS-
PAGE separation of the protein, the protein was transferred to PVDF (polyvinylidene difluoride) membranes.
Next, the membranes were incubated with primary antibody GBP1 (15303-1-AP, Proteintech, China), TRIM22
(13744-1-AP, Proteintech, China) for an overnight period at 4 °C after being blocked with quick-block fluid.
Following one hour of room temperature incubation with secondary antibodies, the bands were quantified using
an ECL substrate.

Statistical analysis

All the data were analyzed by R software (version 4.2.1). Differences analysis was using Wilcoxon rank-sum test
and one-way ANOVA test or Student’s t test. Correlations analysis was determined by the Spearman correlation
analysis. The threshold of statistical significance was p <0.05.* p <0.05, ** p<0.01, *** p<0.001.
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Results

Screening the DE-LLPS-RGs in UC samples

UC and normal colonic tissue RNA-seqs were downloaded from GEO database, 3633 human LLPS-RGs were
obtained from DrLLPS database (version 1.0). Firstly, we adapted R package “limma” to identify the DEGs in
GSE87473 and GSE92415 sets, respectively (Fig. 1A-B), and performed RRA method to rank the shared DEGs
between two sets. Next, we merged GSE87473 and GSE92415 sets and identified batch DEGs (Fig. 1C), batch
effect was eliminated by R packages “combat” (Supplementary Fig. 1A-B). Figure 1D displayed the 40 DE-LLPS-
RGs in UC samples and all the DE-LLPS-RGs harbored strong interactions (Supplementary Fig. 1C).

GO and KEEG enrichments analysis of DE-LLPS-RGs

To further investigated the underlying biological function of DE-LLPS-RGs, we conducted the GO and KEEG
pathways enrichment analysis. The results showed that DE-LLPS-RGs participated several molecular functions,
cellular components and biological processes, including maintenance of location, positive regulation of
inflammatory response, secretory granule lumen, cytoplasmic vesicle lumen, actin binding, Toll-like receptor
binding, respectively (Fig. 2A). Besides, the DE-LLPS-RGs were enriched in IL-17 signaling pathway, nitrogen
metabolism pathway and B cell receptor signaling pathway (Fig. 2B).

Identification of the hub LLPS-signatures via machine learning

In order to identified the hub DE-LLPS-RGs in UC patients, we performed three methods: LASSO, SVM-RFE
and RF algorithms. For lasso regression, 15 hub genes: HSPB3, SLC16A1, ANXAS5, TRIM22, S100A8, SRI,
PLEKHGS®, GBP1, C3, PADI2, BASP1, FOSL1, CCL21, LRRK2, FOS were screened (Fig. 3A-B). For SVM-RFE,
the minimum error was reached while feature numbers were 16, indicating 16 hub DE-LLPS-RGs: SLC16A1,
TRIM22, LRRK2, CCL21, SRI, PADI2, SLC4A4, FOSL1, BASP1, S100A8, PLEKHG6, C3, AIFM3, GBP1,
CPT1A, HSPB3 were identified (Fig. 3C). RF algorithm screened 19 hub gens: SLC16A1, HSPB3, CPT1A, SR,
S100A11, FOS, PLEKHGS, SCIN, TWIST1, GBP1, AQP11, ANXA5, AKR1B10, ZBP1, TRIM22, CDC25B,
SLC4A4, PLAUR, PADI2 (Fig. 3D). Then, seven shared hub genes: HSPB3, SLC16A1, TRIM22, SRI, PLEKHGS,
GBP1, PADI2 of three algorithms were extracted through Veen diagram (Fig. 3E), all the hub genes were
downregulated in UC samples except the GBP1 and TRIM22. To evaluate the prediction accuracy, ROC curve
was conducted and all genes showed excellent prediction accuracy, and those genes displayed strong interactions
(Fig. 3F and Supplementary Fig. 1C).

liquid

Batch

Fig. 1. DE-LLPS-RGs identification. (A-B) Heatmaps of DEGs in GSE87473 and GSE92415 sets. (C) Heatmap
of batch DEGs. (D) Veen diagram between LLPS-RGs, batch DEGs and RRA DEGs.
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Fig. 2. Underlying biological function analysis. (A) GO analysis of DE-LLPS-RGs. (B) KEEG pathways
enrichment analysis of DE-LLPS-RGs.

Functional and pathways evaluation of hub genes through GSVA

The functional enrichment of 7 hub genes were investigated through GSVA analysis. Fig. 4A1-A7 showed the
results of GO enrichments. For the hub up-regulated LLPS-RGs in UC, GBP1 and TRIM22, both enriched in
adaptive immune response, adaptive immune response based on somatic recombination of immune response
built form immunoglobulin superfamily domains, cellular response to molecule of bacterial origin. For hub down-
regulated LLPSRGs in UC, most genes enriched in adaptive immune response, adaptive immune response based
on somatic recombination of immune response built form immunoglobulin superfamily domains, lymphocyte
mediated immunity, B cell activation, except HSPB3. HSPB3 was enriched in catalytic activity on a nucleic acid,
DNA dependent DNA replication, G-protein coupled receptor activity. For KEEG pathways enrichment, GBP1
and TRIM22 enriched in cytokine cytokine receptor interaction, chemokine signaling pathway, hematopoietic
cell lineage, toll like receptor signaling pathway. For hub down-regulated LLPS-RGs in UC, cytokine cytokine
receptor interaction, hematopoietic cell lineage, chemokine signaling pathways were observed enrichment while
HSPB3 were mismatch repair, DNA replication, nucleotide excision repair (Fig. 4B1-B7).

Comprehensive immune landscape evaluation of hub genes in UC patients

According to the GSEA analysis in merged datasets (the batch effect was eliminated by the R package “sva”), we
observed that majority of hub genes were related to immune function or pathways, therefore, we comprehensive
investigated the immune landscape of 7 hub genes.

Firstly, we evaluate the immune infiltration between normal and UC samples, the level of T cells CD4 memory
activated, T cell follicular helper, T cell gramma delta, neutrophils, mast cells activated, dendritic cells activated,
macrophages M0/M1/M2, monocytes in UC samples were significant higher than those in normal tissues while
T cells CD8 ,T cells regulatory (Tregs), dendritic cells resting, mast cells resting were lower compared with
those in normal samples (p<0.05) (Supplementary Fig. 1D). Next, we accessed the immune infiltration of hub
genes, respectively. Our results demonstrated that GBP1 and TRIM22 were strong positive correlation with
macrophages M1, neutrophils, T cells CD4 memory activated while negative correlation with macrophages
M2, Tregs, T cell CD8. For hub down-regulated LLPSRGs in UC, macrophages M0/M1, T cells CD4 memory
activated displayed negative correlation while macrophages M2, eosinophils, dendritic cell resting showed
positive correlation (Fig. 5A). We then investigated the relationship between the immune regulators (include
immunosuppressive and immunostimulatory factors) and hub genes (Fig. 5B-C). Previous study demonstrated
that both cytokines disorder and immune response disorder were observed in UC tissues and contributed to the
development of UC>. To further investigate the detailed immunoregulation pattern in UC patients, we analyzed
the correlation between the key cytokines in UC immune response regulation (extraction from previous study?)
with hub genes screened (Fig. 5D).

ScRNA-seq analysis of hub gene expression patterns in immune cells of UC patients

To investigate the expression pattern of hub genes in immune cells of UC patients, we obtained the GSE162335
dataset which contained UC scRNA-seq from the GEO dataset. Figure 6A showed the expression characteristics
of the 11 samples. After filtering the data, we obtained 15,012 cells from the lamina propria of the colon in
individuals with inflammatory UC. We then normalized the data and used the “VST” method to identify 1,500
highly variable genes (HVGs), with the top 10 shown in Fig. 6B and Supplementary Fig. 2A-C. Using the
t-distributed stochastic neighbor embedding method (t-SNE), all immune cells were divided into 7 clusters and
immune cells were annotated into seven cell types (Fig. 6C). Similarly, hub genes may correlate with immune
cells, specifically the monocytes, (with GBP1, SRI, TRIM22), CD4*T cells (with GBP1, SRI, SCL16A1, TRIM22),
and B cells (with SRI, TRIM22) (Fig. 6D-]).
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Fig. 3. Hub DE-LLPS-RGs identified based on machine learnings. (A-B) Lasso regression algorithm. (C) SVM
algorithm. (D) RF algorithm. (E) Intersect genes of three algorithms. (F) Prediction accuracy of hub genes.

External dataset and RT-qPCR validate the expression levels of hub genes and their
correlation with immune landscape

GSE87466 that downloaded from GEO database contained 21normal and 87 UC samples was utilized to validate
the expression levels of hub signatures. Boxplot demonstrated that the expression level of the 7 hub signatures
screened were consistent with the differential expression analysis in Fig. 1A-C (Fig. 7A). Moreover, UC cell
model of HT29 cell line also showed the similarity expression pattern of public database except gene SLC16A1
(Fig. 7B-C). Meanwhile, Fig. 7D showed that GBP1 and TRIM22 were highly expressed in UC tissues. We
further assessed the prediction accuracy of signatures screened in validation set and ROC curve displayed a
great accuracy of hub genes in UC patients (Fig. 7E). Immune landscape was also tested in validation set and
was coherent. GBP1 and TRIM22 were strong positive correlation with macrophages M1, neutrophils, T cells
CD4 memory activated while negative correlation with macrophages M2, monocytes, T cell CD8, which were
accordance with our results. For hub down-regulated signatures, macrophages M0/M1, or neutrophils displayed
negative correlation while macrophages M2, eosinophils or dendritic cell resting showed positive correlation
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Fig. 4. Single gene GSEA analysis. (A1-A7) GO enrichment. (B1-B7) KEEG enrichment.

(Fig. 7F). The correlation between immune regulators (include immunosuppressive and immunostimulatory
factors) and hub genes were validated and was coherent (Fig. 7G-H). Moreover, we further tested the correlation
between the key cytokines in UC immune response regulation (extraction from previous study) with hub genes
screened in the independent cohort GSE87466 (Fig. 7I). In summary, gene expression pattern, prediction
accuracy and immune landscape that were tested in validation set or cell line demonstrated the similarity with
our research.
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GBP1 positive correlation with cytokines in UC

GBP1 and TRIM22 were upregulated in UC patients and correlated strongly with immune cells. Previous study
demonstrated that TRIM22 was upregulated in UC cells and mouse models and correlated positively with IL-6
and TNF-a; moreover, TRIM22 promoted the development of UC via the NF-«B signaling pathway*°. However,
to our knowledge, the role of GPB1 in UC has not been reported. Thus, we aimed to elucidate the role of GBPlin
UC. We constructed a UC cell model with GBP1 knock down (Fig. 8A-B). In this model, we found that the
expression of multiple cytokines, including IL-6 (Fig. 8C), TNF (Fig. 8D), IL-23 (Fig. 8E), and IL-12B (Fig. 8F)
were downregulated. These findings indicate that GBP1 may play a pro-inflammatory role in in UC.

Subgroups identification based on hub LLPS-RGs expression

R package “ConsensusClusterPlus” was utilized to perform consensus clustering analysis. Based on the expression
patterns of 7 hub DE-LLPS-RGs screened, 268 UC patient samples of GSE87473 and GSE92415 that obtained
from GEO database were divided into two subgroups (k=2) and 180 samples divided into cluster A while 88
into cluster B (Fig. 9A-B). The PCA diagram demonstrated that the expression level of two clusters were distinct
(Fig. 9C). We then accessed the expression level of hub DE-LLPS-RGs between two clusters, GBP1 and TRIM22
were up-regulated in cluster A while the reminders were down-regulated (Fig. 9D).

Functional and immune infiltration landscape evaluation of subgroups

GSEA and ssGSEA were conducted to investigate the underlying biological function and immune infiltration
difference between cluster A and B. For cluster A, GO enrichment showed that adaptive immune response,
adaptive immune response based on somatic recombination of immune receptors built from immunoglobulin
superfamily domains, B cell activated, lymphocyte mediated immunity and positive regulation of immune
response were enriched (Fig. 10A-B). KEEG enrichment displayed cytokine signaling pathway, cytokine
cytokine receptor interaction, leishmania infection and hematopoietic cell lineage were enriched in cluster A
(Fig. 10C-D). The result of ssGSEA showed that the immune infiltration level of cluster A were comprehensive
higher than cluster B, especially in MDSC, neutrophil, activated B cell, Treg, type 2 T helper cell (Fig. 10E).

Candidate drugs identification for two subgroups of UC patients by cMAP analysis

Recently, personalized medical management of patients with UC has gained considerable attention. We used
cMAP (https://clue.io/) analysis to identify candidate drugs among two clusters of patients with UC. According
to the c M AP instructions, all the prediction drugs were ranked according to connectivity scores, in which the top
or bottom ranked drugs were most strongly associated with query genes*>. DEGs between two clusters included:
top 150 downregulated genes and 119 upregulated genes. To obtain the reliable results, we applied a score of less
than —95 for further analysis. For patients in cluster A, we identified 93 molecular pathways targeted by 119
compounds (Fig. 11A). Among the targeted biological pathways, glutamate receptor antagonist, acetylcholine
receptor agonist, serotonin receptor antagonist, adrenergic receptor antagonist, and MEK inhibitor exhibited the
largest number of targeted compounds. For patients in cluster B, we identified 100 molecular pathways targeted
by 139 compounds. Among the targeted biological pathways, HDAC inhibitor, topoisomerase inhibitor, CDK
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inhibitor, MEK inhibitor, and JNK inhibitor pathways exhibited the largest number of targeted compounds
(Fig. 11B).

Discussion

Accumulating evidence indicates that immune response disorders, including those affecting both innate and
adaptive immunity, are crucial for the pathogenesis of UC. This especially involves an atypical Th2 response and
cytokines produced by T cells or macrophages, such as IL-13, IL-5, TNE, TGF-p, IL-9, and IL-23, in the lumina
propria*?’. Moreover, multiple therapeutic advances, especially targeted drugs based on an understanding of
immune disorders associated with UC, have shifted the traditional treatments and provided novel treatment
choices. Therefore, it is pivotal to assess the underlying immune response mechanism to explore new therapeutic
targets. Recently, one biological process, namely LLPS, was found to result in the formation of relatively enclosed
compartments that facilitate chemical reactions, and it plays a vital role in the pathogenesis of multiple diseases
and is associated with immune responses!>!¢. However, the association between LLPS and the immune response
in UC remains unknown, and investigations of LLPS immunoregulation in patients with UC could provide new
insights into disease pathogenesis.

In the present study, 40 DE-LLPS-RGs were identified between patients with UC and healthy controls based
on transcription profiles and LLPS-RGs from the GEO database and the DrLLPS data resource, respectively.
Potential biological functions were predicted using GO and KEGG pathway analyses. Our results indicated
that these DE-LLPS-RGs were enriched in and positively regulated inflammatory responses, Toll-like receptor
binding, the IL-17 signaling pathway, and the B cell receptor signaling pathway in patients with UC, indicating
that the LLPS process is involved in the UC-associated immune response. IL-17 comprises a family of cytokines
that includes IL-17 A-IL-17 E These cytokines play crucial roles in pro-inflammatory and immune disorders®
IL-17-producing cells were significantly increased in the healthy colonic epithelium. In contrast, UC tissues
showed increased IL-17 levels, indicative of dysregulation of the IL-17 signaling pathway in patients with UC.
Multiple studies have indicated that IL-17 and Th17 cells that produce these cytokines play key roles in the
pathogenesis of immune-mediated UC**4. For example, anti-IL-17 treatment was determined to minimize
disease progression in a mouse model of UC*!, and the expression level of IL-17 was found to be significantly
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increased in patients with active UC*>*3, Similarly, Toll-like receptors also play a dual role in intestinal immunity
by maintaining tolerance to the intestinal microbiota and inducing inflammation*. In patients with UC, the
expression of Toll-like receptor 4 was found to be upregulated, and Toll-like receptor 2, which has anti- and
pro-inflammatory properties, contributes to the differentiation of Th17 cells*>*¢. Moreover, the B cell receptor
(BCR) signaling pathway was enriched in DE-LLPS-RGs, indicating that LLPS might participate in the
regulation of adaptive immune responses in patients with UC. Evidence has shown that B cells are involved in
UC pathogenesis. B cells, with markers such as CD24high and CD38high, as well as Bregs, which can secrete
IL-10 to trigger inflammation in UC tissues, were found to be decreased in patients with UC compared with
numbers in healthy controls?’. However, LLPS regulates the BCR signaling pathway via microclusters of BCRs,
which are found in the cytoplasm and at the cell surfaces'®. Therefore, our results suggested that LLPS might be
involved in immunoregulation in patients with UC.

To identify the key LLPS-RGs, machine learning algorithms (LSAAO, SVM, and RF) were used, and seven
shared hub genes, specifically HSPB3, SLC16A1, TRIM22, SRI, PLEKHG6, GBP1, and PADI2, with potential
involvement in immunoregulation in UC were finally identified. A previous study demonstrated that SLC16A1
expression is downregulated in UC tissues compared with that in paired normal controls, and its expression
was found to be regulated by TNF-a*®. TNFa is elevated in patients with UC, and this results in weakening of
the mucosal barrier®. Moreover, our result showed that the expression of SLC16A1 was negatively related to
TNFa (Fig. 5D), which supports the potential role of SLC16A1 in cytokine or immune regulation. TRIM22
expression was reported to be both upregulated in UC cell and mouse models and positively associated with
IL-6 and TNF-a, which is consistent with the findings of our study (Fig. 5D); moreover, it might promote the
development of UC via the NF-kB signaling pathway?°. Specially, GBP1, a pyroptosis-related gene, is part of a
potential signature of UC that is composed of a pyroptosis score, which is positively related to the inflammatory
microenvironment (such as IL6-JAK-STAT3) and immune cell infiltration (such as Tregs and neutrophils)®.
However, this result was slightly different from our results (GBP1 was strongly positively related to neutrophils
but negatively related to Tregs (Fig. 5A)). One possible explanation for this difference is that the pyroptosis score
in the previous study included four additional signatures. In addition, GBP1 was found to be overexpressed
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in UC and associated with poor outcomes after anti-TNF drug therapy, indicating the potential correlation
between GBP1 and TNF*°, which was consistent with our results (Fig. 5D). Besides, scRNA-seq analysis showed
that GBP1 harbored a strong correlation with macrophages and CD4+T cells (Fig. 6D). Macrophages play a
significant role in active phage of UC, especially M1 macrophages, could destroy tight junction proteins and the
epithelial barrier®!. However, the roles of HSPB3, SRI, PLEKHG6, and PADI2 in UC have not been reported. To
verify the expression pattern of the hub genes screened, we constructed a UC cell model using HT29 cells treated
with TNF-q, and RT-qPCR showed that the expression pattern of all hub genes, except SLC16A1, was consistent
with the bioinformatics analysis. SLC16A1 expression is downregulated in UC tissues compared with that in
healthy controls*, and the minor differences noted could have been caused by different cell culture conditions
or the selection of cell lines®2.

We further investigated the biological function of each hub gene. Evidently, the hub genes were mainly
related to adaptive immune responses or cytokine pathways. The immune landscape of patients with UC was
also assessed and investigated by scRNA-seq. An adaptive immune response, which mainly involves two types
of immune cells, CD8 +and CD4+T cells, is essential for UC pathogenesis. According to our data on immune
infiltration, the expression level of activated CD8 T cells, TFH cells, was higher in patients with UC than that
in controls. CD8+T cells in patients with UC contribute to the formation of ulcers and damage the epithelium
through the production of diverse cytokines®>. TFH cells are also associated with active UC and are significantly
increased in UC tissues and positively associated with IL-21 and C-reactive protein levels, as well as Mayo scores,
according to one study involving 31 patients with UC and 29 controls®. In contrast, we observed that Treg
numbers were lower in patients with UC than those in the control group and negatively correlated with the
expression of hub genes, which might play a protective role in healthy controls. This suggests that an adaptive
immune response disorder underlies UC pathogenesis. The immune response disorder and cytokine production
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are inseparable in UC pathogenesis, and our results showed that levels of IL-5, IL-6, IL-12, IL-23 A, and TNF
were strongly correlated with the expression of all hub genes screened (positive correlation with GBP1 and
TRIM22, and negative correlation with genes for which expression was downregulated). The cytokine levels
are increased in patients with UC and that these cells play a proinflammatory role in UC pathogenesis®>.
For example, IL-6 from macrophages and DCs acts as a pro-inflammatory cytokine and helps facilitate the
differentiation of CD4+ T cells into Th17 cells””. Collectively, these findings suggest that LLPS-RGs participate
in the regulation of immune disorders in UC and that they could be new targets for UC treatment.

Therapeutic advances in recent years, especially precise treatments, have shifted the traditional therapy for
UC. Targeted drugs greatly alleviate the progression of UC while avoiding the adverse effects of traditional
drugs. To explore the potential biological differences between and candidate drugs for UC subtypes, we grouped
patients with UC into two clusters using the “ConsensusClusterPlus” algorithm?!, based on the expression
patterns of hub genes. We observed that expression levels of HSPB3, SLC16A1, SRI, PLEKHGS6, and PADI2
were downregulated in cluster B, whereas those of GBP1 and TRIM22 were upregulated (Fig. 6D). Subsequent
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B.

ssGSEA showed that the immune infiltration level of cluster A was comprehensively higher than that of cluster B,
especially in MDSCs, neutrophils, activated B cells, Tregs, and Th2 cells (Fig. 7D). Further, more immune-related
functions and pathways were enriched in cluster (A) These results suggest that different immunoregulation
patterns exist in different clusters. A previous study demonstrated that the Th2 response contributes to sustaining
homeostasis of the intestinal mucosa and also participates in pro-inflammatory pathways**. Moreover, in UC
tissues, Th2 cells were aberrantly elevated, along with multiple cytokines produced, including IL-23 and TNF-a,
which was found to be crucial for the development of UC. Patients might thus benefit from the anti-cytokine (IL-
23) therapy, such as ustekinumab, which targets IL23p40 and shows an anti-inflammatory effect in patients with
IBD®. Therefore, owing to the significant differences in immune cell infiltration and immune-related pathways
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between the two clusters, we further investigated the candidate drugs for each cluster using cMAP analysis based
on DEGs between cluster A and cluster (B) Among those targeted biological pathways, cluster A and cluster B
were distinct, indicating that hub LLPS-RGs could be used to guide the stratification of patients with UC and
provide potential small-molecule drugs to achieve personalized treatment.

Conclusion

Bioinformatics analysis revealed the relationship between immune response disorder and LLPS-RGs in UC
patients. Seven signatures were identified by machine learning algorithms for non-invasive diagnosis of UC
patients, and demonstrated to be strongly related to immune infiltration and cytokines. And hub LLPS-RGs
could guide the classification of UC patients and offer target small molecular drugs. Our study firstly offered
a novel insight into the pathogenesis of UC that LLPS could regulate the immune response in UC, which may
contribute to precise treatment of UC patients.
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Data supporting the present study are available upon request by contact with the corresponding author.
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