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SPP1 + macrophages identified in ulcerative 
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Abstract 

Background  Ulcerative colitis (UC) is a chronic inflammatory bowel disease characterized by persistent inflammation 
of the colon. The specific cause of UC is still not fully understood, but this condition is believed to arise from a com-
bination of environmental, genetic, microbial, and immune factors. This study aimed to explore the specific roles 
of macrophages and fibroblasts in UC pathogenesis, focusing on their interactions and contributions to disease 
progression.

Methods  We utilized single-cell RNA sequencing (scRNA-seq) to analyze macrophages and fibroblasts in periph-
eral blood and colon biopsy samples from UC patients. Bulk RNA sequencing and spatial transcriptomic data 
from the Gene Expression Omnibus (GEO) database and flow cytometry and multiplex immunohistochemistry (mIHC) 
data were used for validation. Statistical analyses were performed to assess the correlation between cell abundance 
and disease severity.

Results  Macrophages and fibroblasts were identified as key communication hubs in UC; specifically, SPP1 + mac-
rophages and CHI3L1 + fibroblasts were significantly enriched at the sites of inflammation. These cells are strongly 
correlated with disease severity and orchestrate inflammatory responses within the intestinal immune microenviron-
ment, contributing to UC-associated colorectal cancer.

Conclusions  Our study identified SPP1 + macrophages and CHI3L1 + fibroblasts as key contributors to UC pathogen-
esis. These cells are enriched in inflammatory sites, are correlated with disease severity, and play a role in UC-associ-
ated colorectal cancer, providing new insights into UC mechanisms.
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Introduction
Ulcerative colitis (UC) is a type of inflammatory bowel 
disease (IBD) that is more common than Crohn’s dis-
ease is [1]. The incidence of UC is increasing annually in 
Asia, with a fourfold increase in prevalence is expected 
by 2035 [2]. The most severe complication of UC is colo-
rectal cancer (CRC). Indeed, studies have shown that 
individuals with UC have a greater risk of developing and 
dying from CRC than do those without UC [3–5]. Risk 
factors for UC-associated tumors include a long disease 
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duration, extensive tumor involvement, and primary scle-
rosing cholangitis. Therefore, exploring the pathogenesis 
of UC, controlling the progression of this disease, short-
ening the course of UC, and reducing the incidence of 
UC-CRC are important research topics.

The exact pathogenesis mechanism of UC is still under 
investigation. UC is hypothesized to be caused by a com-
bination of environmental factors, host genetic factors, 
intestinal microbial infections and immune factors [6, 
7]. In other autoimmune diseases, such as psoriasis and 
rheumatoid arthritis, abnormalities in immune system 
regulation are strongly correlated with the disease [8]. 
As the intestinal flora comprises a microbial community, 
the intestinal immune response to the intestinal flora 
is strictly regulated and determines the occurrence of 
immune tolerance or a defensive inflammatory response. 
Disturbances in the balance of intestinal immune reac-
tions can lead to UC [9, 10].

Single-cell RNA sequencing (scRNA-seq) is used to 
accurately determine the transcriptional characteristics 
of individual cells. Multiple studies have described the 
diverse cell types in the intestinal mucosa of UC patients, 
highlighting the imbalance in cellular populations in the 
context of intestinal inflammation [11, 12]. These findings 
provide valuable insights into the mechanisms underly-
ing UC pathogenesis and will aid in the identification of 
potential therapeutic targets.

Macrophages are innate immune cells that play impor-
tant roles in both the inflammatory response and tumor 
immunity. Various inflammatory cytokines secreted by 
macrophages play crucial roles in UC [12]. Tumor-asso-
ciated macrophages, specifically SPP1 + macrophages, 
have been found in multiple types of cancer. These cells 
are highly enriched in tumor tissues and are closely asso-
ciated with prognosis [13–15].

In IBD, disruption of the intestinal mucosal barrier is a 
key cause of disrupted immune homeostasis. In chronic 
infections, inflammation, and cancer, the tissue microen-
vironment regulates the behavior of local immune cells. 
Among them, fibroblasts in the tissue microenviron-
ment are key cell types that modulate immune responses, 
either by activating or suppressing them [16]. Intesti-
nal fibroblasts can undergo phenotypic polarization in 
response to microbial stimuli, shifting toward a proin-
flammatory state and acting as a central feedback hub to 
further facilitate immune cell recruitment [17]. In addi-
tion, tumor-associated fibroblasts are enriched in CRC 
and serve as key components of the tumor microenvi-
ronment that promote cancer cell invasion and reshape 
immune cell infiltration pathways [18].

Both macrophages and fibroblasts have been reported 
as key nodes in intercellular communication within the 
immune microenvironment of IBD, with each cell type 

playing a critical role in disease pathogenesis [19–21]. 
Furthermore, interactions between macrophages and 
fibroblasts have been well documented in various can-
cers and inflammatory diseases, where they are closely 
linked to disease progression [14, 22–24]. However, 
despite these findings under other conditions, there 
is limited research on the interactions between mac-
rophages and fibroblasts, especially in UC. Therefore, this 
study focused on the interactions between macrophages 
and fibroblasts in UC patients and, for the first time, 
identified tumor-associated SPP1 + macrophages in UC 
patients. We observed enrichment of SPP1 + inflamma-
tion-associated macrophages and CHI3L1 + inflamma-
tion-associated fibroblasts at inflammatory sites in UC 
patients and found that the infiltration level of these cells 
is strongly correlated with the severity of the disease in 
these patients. Immunofluorescence staining confirmed 
this interaction. Overall, this work reveals interactions 
between CHI3L1 + fibroblasts and SPP1 + macrophages, 
which may provide new insights for the diagnosis and 
treatment of UC.

Methods
Clinical sample collection from patients
Normal mucosal and inflammatory tissue samples as well 
as fresh peripheral blood samples were collected from 
UC patients (n = 7). Fresh tissue samples were kept on ice 
in RPMI 1640 medium supplemented with 10% FBS and 
prepared for transport. Specific clinical information is 
provided in Supplementary Table 1.

Primary analysis of the raw read data (scRNA‑seq)
The raw reads were processed to generate gene expres-
sion profiles via CeleScope v1.12 (Singleron Biotech-
nologies) with default parameters. Briefly, barcodes and 
unique molecular identifiers (UMIs) were extracted from 
R1 reads and corrected. Adapter sequences and poly 
A tails were trimmed from R2 reads, and the trimmed 
R2 reads were aligned against the GRCh38 (hg38) tran-
scriptome via STAR (v2.6.1b). Uniquely mapped reads 
were subsequently assigned to exons with FeatureCounts 
(v2.0.1). Successfully assigned reads with the same cell 
barcode, UMI and gene were grouped together to gener-
ate a gene expression matrix for further analysis.

Quality control, dimension reduction and clustering 
(Scanpy)
Scanpy v1.8.2 was used for quality control, dimensional-
ity reduction and clustering in Python 3.7. For each sam-
ple dataset, we filtered the expression matrix according 
to the following criteria: (1) cells with a gene count less 
than 200 or with a top 2% gene count were excluded; ((2) 
cells with a top 2% UMI count were excluded; (3) cells 
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with a mitochondrial content > 30% were excluded; and 
(4) genes expressed in fewer than 5 cells were excluded. 
After filtering, 123,092 cells were retained for down-
stream analyses, with an average of 896 genes and 2362 
UMIs per cell. The raw count matrix was normalized by 
total counts per cell and logarithmically transformed into 
a normalized data matrix. The top 2000 variable genes 
were selected by setting flavor = ‘seurat’. Principal com-
ponent analysis (PCA) was performed on the scaled vari-
able gene matrix, and the top 23 principal components 
were used for clustering and dimensionality reduction. 
The cells were separated into 23 clusters via the Louvain 
algorithm, and the resolution parameter was set to 1.2. 
The cell clusters were visualized via uniform manifold 
approximation and projection (UMAP)[25].

Batch effect removal
The batch effect between samples was removed with Har-
mony v1.0 using the top 20 principal components from 
the PCA [26].

Differentially expressed gene (DEG) analysis (Scanpy)
To identify DEGs, we used the scanpy.tl.rank_genes_
groups() function based on the Wilcoxon rank-sum test 
with default parameters; genes expressed in more than 
10% of the cells in either of the compared groups of cells 
and with an average log(fold change) value greater than 
1 were identified as DEGs. The adjusted P value was cal-
culated via Benjamini‒Hochberg correction, and a value 
of 0.05 was used as the criterion to evaluate statistical 
significance.

Pathway enrichment analysis
To investigate the potential functions of DEGs between 
inflammatory or ulcerated (IFM) tissue and normal or 
noninflammatory (non-IFM) tissues, we performed Gene 
Ontology (GO) and Kyoto Encyclopedia of Genes and 
Genomes (KEGG) analyses via the “clusterProfiler” R 
package v 4.0. Pathways with p_adj values less than 0.05 
were considered significantly enriched. Data for selected 
significantly enriched pathways were plotted in bar plots. 
Gene set enrichment analysis (GSEA) was performed on 
the DEGs. For gene set variation analysis (GSVA), aver-
age gene expression levels for each cell type were used as 
input data [27]. GO gene sets in the molecular function 
(MF), biological process (BP), and cellular component 
(CC) categories were used.

Cell type annotation
Cell type recognition with Cell‑ID
Cell-ID is a multivariate approach that extracts gene sig-
natures for each individual cell and performs cell iden-
tity recognition using hypergeometric tests (HGTs). 

Dimensionality reduction was performed on a normal-
ized gene expression matrix through multiple corre-
spondence analysis, in which both cells and genes were 
projected in the same low-dimensional space. Then, a 
gene ranking was calculated for each cell to obtain the 
most featured gene sets of that cell. HGTs were per-
formed on these gene sets against the intestinal refer-
ence from the SynEcoSys database, which contains all cell 
type-specific genes. The identity of each cell was deter-
mined as the cell type with the minimal HGT P value. 
For cluster annotation, the frequency of each cell type 
was calculated for each cluster, and the cell type with the 
highest frequency was used to determine cluster identity.

The identity of each cell cluster was determined accord-
ing to the expression of canonical markers from the refer-
ence database SynEcoSysTM (Singleron Biotechnology). 
SynEcoSysTM contains collections of canonical cell type 
marker data for single-cell sequencing data from Cell-
MarkerDB, PanglaoDB and recently published literature.

Filtering of cell doublets
The number of cell doublets was estimated on the basis 
of the expression patterns of canonical cell markers. Any 
clusters enriched with multiple cell type-specific markers 
were excluded from the downstream analysis.

Cell‒cell interaction (CCI) analysis via CellChat
CellChat (version 1.6.1) was used to analyze intercellular 
communication networks according to the scRNA-seq 
data. The CellChat dataset was created using the corre-
sponding R package. Cell information was added to the 
meta-slot of the object. The ligand‒receptor interaction 
database was used, and matching receptor inference cal-
culations were performed [28].

CCI analysis: CellPhoneDB
CCIs between fibroblasts and macrophages were pre-
dicted on the basis of known ligand–receptor pairs via 
CellPhoneDB (v2.1.7) [29]. The permutation number for 
calculating the null distribution of average ligand‒recep-
tor pair expression in randomized cell identities was set 
to 1000. Individual ligands or receptor expression levels 
were thresholded according to a cutoff on the basis of 
the average log gene expression distribution for all genes 
across each cell type. Predicted interaction pairs with a 
P value < 0.05 and an average log expression > 0.1 were 
considered significant and visualized with a heatmap plot 
and dot plot, respectively, in CellPhoneDB.

Pseudotime trajectory analysis with Monocle2
The cell differentiation trajectory of monocyte subtypes 
was reconstructed with Monocle2 v 2.22.0 (ref ). For con-
struction of the trajectory, the top 2000 highly variable 
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genes were selected with the Seurat (v4.1.2) FindVari-
ableFeatures() function, and dimension reduction was 
performed with DDRTree(). The trajectory was visualized 
with the plot_cell_trajectory() function in Monocle2 [30].

RNA velocity
For RNA velocity, BAM files containing fibroblasts and 
macrophages and the reference genome GRCh38 (hg38) 
were used for analysis with velocyto (v 0.2.4) [31] and 
scVelo (v0.17.17) in Python with default parameters. The 
results were projected to the UMAP plot in Seurat clus-
tering analysis for visualization consistency.

UCell gene set scoring
Gene set scoring was performed using the R package 
UCell v 2.2.0 [32]. UCell scores were determined on the 
basis of the Mann‒Whitney U statistic by ranking query 
genes in order of their expression levels in individual 
cells. Because UCell is a rank-based scoring method, it is 
suitable for use in large datasets containing multiple sam-
ples and batches.

scGSVA
To perform GSVA for single-cell data, we used scGSVA 
(https://​github.​com/​guoka​i8/​scGSVA), which uses 
ssGSEA methods to score individual cells to generate 
multiple pathway enrichment score matrices. The limma 
package was used to calculate the differential enrich-
ment scores for pathways; an absolute value of t greater 
than 1.96 indicated a significant difference in these scores 
among cell types.

Transcription factor (TF) regulatory network analysis 
(pySCENIC)
A TF network was constructed with pySCENIC (v0.11.0) 
[33] using the scRNA expression matrix and TFs in Ani-
malTFDB. First, GRNBoost2 was used to construct a 
regulatory network on the basis of the coexpression of 
regulators and targets. CisTarget was subsequently used 
to exclude indirect targets and to search for TF binding 
motifs. Afterward, AUCell was used for regulon activity 
quantification for every cell. Cluster-specific TF regulons 
were identified according to regulon specificity scores 
(RSSs), and the activity of these TF regulons was visual-
ized in heatmaps.

MuSic
Cell type deconvolution of the bulk RNA-seq data with 
single-cell references was performed with the R pack-
age MuSiC (v1.0.0). The bulk RNA-seq data were decon-
voluted to obtain the proportions of cell types in each 
sample.

Spatial transcriptomic data analysis
Spatial transcriptomic data were obtained from the GEO 
database (accession number: GSE189184). The data were 
preprocessed using the Seurat package (v4.0.4) in R. Seu-
rat’s FindTransferAnchors and TransferData functions 
were employed to transfer the scRNA-seq annotation 
information to the spatial transcriptomic data. Visuali-
zation was performed using the SpatialPlot function in 
Seurat.

Bulk RNA‑seq data analysis
Bulk RNA-seq data were obtained from the GEO data-
base (accession number: GSE193677). In R, differential 
expression analysis was performed to identify the genes 
most highly expressed by SPP1 + macrophages and 
CHI3L1 + fibroblasts. Statistical significance was assessed 
using t tests. Visualization of these top genes was con-
ducted using the ggplot2 package.

For deconvolution of the bulk RNA-seq data, the CIB-
ERSORT package was used to estimate the proportions 
of individual cell clusters in each sample. Spearman’s 
rank correlation analysis between cell proportions was 
performed. Differences in cluster proportions among 
the three groups were evaluated via the Mann‒Whitney 
U test. Visualization of the results was performed with 
ggplot2 and ComplexHeatmap.

Flow cytometric analysis of human cells
Briefly, fresh human cells from normal mucosa and 
inflamed tissue were isolated and washed with phos-
phate-buffered saline (PBS); after centrifugation (336g, 
5  min, 4  °C), the supernatant was discarded. The cells 
were stained with fluorophore-conjugated antibodies 
specific for surface molecules, namely, anti-CD45-BB515 
(564,585, BD Biosciences, USA) and anti-CD68-PE 
(ab303134, Abcam, UK), at room temperature for 30 min 
in the dark. After the samples were washed twice with 
PBS, they were fixed and permeabilized with a fixation/
permeabilization reagent (BD Cytofix/Cytoperm™, San 
Diego, CA, USA). After staining with fluorophore-labeled 
antibodies for intracellular molecules, anti-SPP1-APC 
(50-9096-42, Thermo Fisher, USA) was used. The sam-
ples were examined on a BD Symphony (BD Biosciences). 
At least 20,000 events per sample were analyzed using 
FlowJo software (v10.6.2). Statistical analysis was per-
formed with GraphPad Prism 6, and P < 0.05 was consid-
ered to indicate significance. ns, not significant. *P < 0.05, 
**P < 0.01, ***P < 0.001, ****P < 0.0001.

Multiplex immunohistochemical analysis
Paraffin-embedded tissue slices were obtained from three 
UC patients and three UC-CRC patients for multiplex 

https://github.com/guokai8/scGSVA
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immunohistochemistry (mIHC). Paraffin sections from 
UC patients were obtained from the patients included 
in this study for single-cell sequencing, and the detailed 
clinical data for the UC-CRC patients are shown in Sup-
plementary Table 3. The tissue sections were first depar-
affinized by incubation in xylene for 2 × 10 min, followed 
by rehydration through graded ethanol (100%, 95%, and 
70%) for 5  min each. Antigen retrieval was performed 
using a microwave at 20% maximum power for 15  min 
in preheated citrate solution (pH 6.0), and the slides 
were then cooled to room temperature and washed with 
Tris-buffered saline (TBS, pH 7.6) for 3 × 5  min. For 
mIHC, the following primary antibodies were applied 
sequentially: anti-SPP1 (Abcam, #ab214050, 1:500), anti-
CHI3L1 (Abcam, #ab305035, 1:500), and anti-CD68 
(Absinbio, #abc171440, 1:200), each for 30 min at room 
temperature. After being washed with TBS (3 × 5  min), 
the slides were incubated with HRP-conjugated second-
ary antibodies (anti-rabbit HRP, Absinbio, #A10011-
60, 1:200) for 10  min, followed by signal amplification 
via a TSA 7-color kit (Absinbio, Abs50015-100  T) with 
TSA570 (1:2000), TSA520 (1:500), and TSA650 (1:200) 
for the respective markers. Following each round of 
staining, antigen retrieval was repeated in preheated cit-
rate solution, and the slides were washed again in TBS. 
After the final round of antibody staining, the slides 
were incubated with DAPI (Thermo Fisher, D1306, 2 
drops) at room temperature for 10 min for nuclear stain-
ing, washed in distilled water, air-dried, and mounted 
with coverslips. Images were captured using the Aperio 
Versa 8 tissue imaging system (Leica) with a × 20 objec-
tive lens and analyzed with Indica Halo software (HALO 
v3.3.2541.424), which quantified the positive staining 
areas for each marker on the basis of predefined thresh-
olds. For quality control, negative controls were included 
by omitting the primary antibodies, and isotype controls 
were used for each round of staining. All experiments 
were independently repeated with at least three biologi-
cal replicates to ensure reproducibility.

Results
ScRNA‑seq atlas of blood samples and colon biopsies 
from UC patients
We collected peripheral blood samples and 44 colonos-
copy biopsy samples from 7 UC patients (Fig.  1A, Sup-
plementary Table 1). The biopsy tissues from UC patients 
were divided into normal or noninflammatory (non-
IFM) and inflammatory or ulcerated (IFM) tissue groups 
according to endoscopic assessment. After quality con-
trol, 123,092 high-quality single-cell transcribed cells 
were obtained (quality control information is available 
in Supplementary Table  2). A total of 44,337 cells from 
blood samples, 45,533 from IFM samples, and 33,222 

from non-IFM samples were sequenced, with a median 
recovery of 896 genes and 2362 UMIs.

All the cells were visualized via the UMAP technique 
after batch correction, which revealed epithelial cells, 
endothelial cells (ECs), fibroblasts, mural cells, proliferat-
ing cells, B cells, plasma cells, T cells, neutrophils, mast 
cells, mononuclear phagocytes (MPs) and erythrocytes 
(Fig. 1B).

Macrophages in UC
To determine the function of macrophages in UC, 
we performed secondary clustering of macrophages 
and identified 5 distinct clusters with clear separation 
between IFM and non-IFM tissues (Fig.  1C–E). The 
UMAP dimensionality reduction clustering plot revealed 
significant intergroup differences in macrophages. The 
proportions of FCN1 + macrophages and SPP1 + mac-
rophages were increased in the UC IFM tissues, whereas 
a greater proportion of FHIT + macrophages was found 
in the UC non-IFM tissues (Fig. 1F, G). Since differences 
between the IFM and non-IFM groups were observed in 
several of the five clusters, we initially screened the five 
macrophage clusters using functional assessment gene 
set scores (UCell scores) to identify clusters associated 
with inflammation. We focused on SPP1 + macrophages, 
which had the highest inflammatory and immune scores 
among the clusters (Fig. 1H, I).

Next, we studied the gene expression patterns of 
SPP1 + macrophages. Among the top 10 DEGs (Fig. 1E), 
the SPP1 gene was uniquely and highly expressed in 
SPP1 + macrophages. Additionally, IL7R, several MMP 
family genes (MMP1, MMP10, and MMP12), and certain 
chemokine ligand genes (CXCL5 and CXCL1) were sig-
nificantly enriched among SPP1 + macrophages. Assess-
ment of bulk RNA-seq data from the GEO database also 
revealed high expression levels of the SPP1 gene, MMP 
genes, and other genes at inflammatory sites (Fig.  1J). 
Flow cytometry revealed that SPP1 + macrophages were 
abundant in the inflammatory regions of UC patients 
(Fig.  1H, Supplementary Fig.  1), and the proportion of 
SPP1 + macrophages was positively correlated with the 
levels of clinical markers of inflammation, including cir-
culating CRP, ESR, and IL-6 levels (Fig. 1I). Therefore, we 
defined the macrophages in this cluster as inflammation-
associated SPP1 + macrophages.

SPP1 + macrophages are closely associated 
with inflammation
As antigen-presenting cells, macrophages play crucial 
roles in the occurrence, development, and outcome of 
inflammation via multiple inflammatory pathways [12]. 
DEGs in macrophages (Fig. 2A) were highly enriched in 
neutrophil activation and monocyte immune regulation 
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Fig. 1  Single-cell atlas of paired UC blood, IFM tissue and non-IFM tissue samples. A Blood, IFM tissue and non-IFM tissue samples from UC 
patients were processed into single-cell suspensions, and unsorted cells were subjected to scRNA-seq with Singleron Matrix®. B UMAP showing 
12 clusters in each plot. Each cluster is shown in a different color. C UMAP of macrophages colored according to inferred cell type. D The 
top 3 violin vector plots sorted by log fold changes. E Heatmap of the top 10 DEGs in different macrophage subsets. F, G The distribution (F) 
and proportion (G) of each macrophage subset according to different tissue sources. H, I UCell scores: Functional assessment gene set scores, 
such as the proinflammatory score (H) and the immunoregulatory score (I), were obtained on the basis of the macrophage signature gene 
set. J Bar graphs based on bulk RNA-seq data showing the top 10 DEGs in SPP1 + macrophages at inflammatory (n = 293) and normal tissue 
sites (n = 579). *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001 (P values were calculated by two-sided t tests). K Flow cytometric detection 
of CD68 + SPP1 + macrophages in the rectal inflammatory and noninflammatory tissues of UC patients (n = 6). *P < 0.05, **P < 0.01, ***P < 0.001, 
and ****P < 0.0001 (P values were calculated by two-sided t tests). L Correlation analysis between the CD68 + SPP1 + cell ratio and clinical indicators 
(n = 6). *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001 (P values were calculated by Pearson correlation analysis)
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according to GO enrichment analysis, suggesting that 
macrophages participate in the activation and regulation 
of cytokines and chemokines (Fig.  2B, Supplementary 

FIG. 2A). KEGG enrichment analysis revealed strong 
correlations between DEGs in macrophages and the TNF 
signaling pathway, the NF‒kappa B signaling pathway, the 

Fig. 2  Characterization of macrophages in non-IFM and IFM tissues. A Volcano map showing DEGs in macrophages in non-IFM and IFM tissues. B, 
C GO (B) and KEGG (C) enrichment analyses of DEGs in macrophages. D KEGG enrichment analysis of DEGs in SPP1 + macrophages. E–G Pathways 
significantly enriched according to GSEA. H Monocle2 was used to analyze the density distributions of different cell types over time and to fit 
the pseudotime trajectory between subsets. I UMAP plot showing the inferred developmental dynamics of macrophage subsets according to RNA 
velocity. J A situation in which the expression of a gene changes as a function of pseudotime. K Heatmap showing the relative expression (z score) 
of the 5 most highly expressed TFs in each cell subtype. L Heatmap of the mean gene expression levels of the top 5 TFs in macrophages
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Toll‒like receptor signaling pathway, the chemokine sign-
aling pathway and EB virus infection-related pathways 
(Fig. 2C, Supplementary Fig. 2B). GO enrichment analy-
sis of the DEGs in SPP1 + macrophages generally revealed 
enrichment of gene sets generally associated with mac-
rophages, and KEGG enrichment analysis revealed that 
SPP1 + macrophages were significantly enriched in the 
IL-17 signaling pathway (Fig.  2D). GSEA also revealed 
that SPP1 + macrophages were enriched in multiple 
inflammatory pathways (Fig. 2E–G).

We subsequently conducted RNA velocity and Mono-
cle analyses, which are computational methods based on 
the newly transcribed RNA in the scRNA-seq datasets, 
to infer the differentiation trajectory of SPP1 + mac-
rophages. The analysis revealed that SPP + macrophages, 
almost all of which are present at the site of inflam-
mation, might be derived from C1QC + macrophages 
and differentiate under the condition of inflammation 
(Fig.  2H, I, Supplementary Fig.  3A–D), and inflamma-
tion-related genes such as NFKB1A, CXCL8, and IL1B 
were expressed at higher levels at a later time point 
(Fig.  2J). The differentiation of SPP1 + macrophages is 
regulated by a complex TF network in which TFs regulate 
each other and their effector genes through interactions 
with their cofactors and downstream genes. Therefore, 
we evaluated the 5 most highly expressed TFs in pySCE-
NIC (Fig. 2K). We found that IRF4 was highly expressed 
and had the highest regulatory level in the regulatory net-
work of SPP1 + macrophages (Fig.  2L). IRF4 is an effec-
tive regulatory factor that was first discovered to regulate 
interferon transcription and is involved in the differentia-
tion and development of immune cells.

Fibroblasts in UC
We next focused on fibroblasts. A total of 5986 fibroblasts 
were clustered and divided into eight heterogeneous 
subgroups via unsupervised dimensionality reduction 
(Fig. 3A–C). On the basis of the UMAP clustering plot, 
fibroblasts were found to exhibit intergroup differences, 
with CHI3L1 + fibroblasts being highly enriched in the 
UC IFM tissues (Fig.  3D, E). As in a previous study, we 
first evaluated inflammation-related subgroups using 
functional enrichment gene set scoring. As expected, 
according to the UCell scores of the characteristic fibro-
blast genes, the inflammation score and extracellular 
matrix (ECM) remodeling score for the CHI3L1 + fibro-
blasts were the highest (Fig.  3F, G). Therefore, we next 
focused on CHI3L1 + fibroblasts.

We analyzed the gene signatures of the 
CHI3L1 + fibroblasts identified in this study. Accord-
ing to the heatmap of the top 10 DEGs (Fig.  3C), 
CHI3L1 + fibroblasts presented high expression lev-
els of CHI3L1, MMP family genes (MMP3, MMP1, 

and MMP10), and chemokine ligand genes (CXCL1, 
CXCL8, CXCL3, and CXCL2). This gene expression 
pattern was highly consistent with that of SPP1 + mac-
rophages. CHI3L1 is involved in the development of 
inflammation and plays an important role in the patho-
genesis of CD4 + T-cell polarization and Th2 inflam-
mation [34]. Furthermore, differential gene expression 
analysis between the groups revealed significant dif-
ferences in the expression of CHI3L1, MMP10, and 
various chemokine ligand genes between inflammatory 
and noninflammatory sites (Fig. 3H). We also observed 
this phenomenon in the bulk RNA-seq dataset, which 
revealed high expression levels of CHI3L1, MMP, 
and other genes at inflammatory sites in UC patients 
(Fig.  3I). Increased expression and activity of MMPs 
lead to abnormal ECM remodeling, and high expres-
sion of inflammatory chemokines triggers abnormal 
inflammatory regulation [35]. Therefore, we defined 
CHI3L1 + fibroblasts as inflammation-associated 
CHI3L1 + fibroblasts.

CHI3L1 + fibroblasts in the inflammatory region in UC 
patients exhibit a high inflammatory state
First, we performed functional enrichment analysis of 
the DEGs between the IFM and non-IFM groups in all 
fibroblast clusters. We found that these genes were highly 
enriched in the IL-17 signaling pathway, the TNF sign-
aling pathway, cytokine activity, and chemokine activity 
(Fig. 4A, Supplementary Fig. 4A). After focusing on the 
CHI3L1 + fibroblasts, GO and KEGG analyses revealed 
that the DEGs were also enriched in the IL-17 signal-
ing pathway, cytokine activity, and chemokine activity, 
which was highly consistent with the functional enrich-
ment results for SPP1 + macrophages. In addition, 
CHI3L1 + fibroblasts are associated with endoplasmic 
reticulum stress, the ERAD pathway, and neutrophil 
aggregation (Fig. 4B, C; Supplementary Fig. 4B, C). GSEA 
revealed that CHI3L1 + fibroblasts correlated with the 
inflammatory immune response, IFN-γ response, and 
TNF-NFKB gene sets (Fig.  4D–G). These findings col-
lectively suggest that CHI3L1 + fibroblasts play a proin-
flammatory role in inflammatory areas in UC patients. 
Pseudotime analysis indicated that CHI3L1 + fibroblasts 
are associated with the terminal differentiation stage of 
UC (Fig.  4H–J, Supplementary Fig.  5A, B). PySCENIC 
analysis of fibroblasts revealed a strong correlation with 
the TF MYC (Fig.  4N, O). GSVA revealed that MYC_
TARGETS_V1 and MYC_TARGETS_V2 were enriched 
in CHI3L1 + fibroblasts (Fig. 4P). MYC has been reported 
to regulate the polarization of inflammatory mac-
rophages and participate in the inflammatory response 
[36].
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Fig. 3  Dissection of fibroblasts showing the expansion of CHI3L1 + fibroblasts at inflammatory sites. A UMAP of fibroblasts colored according 
to inferred cell type. B The top 3 violin vector plots sorted by log fold changes were used to distinguish fibroblast types. C Heatmap of the top 
10 DEGs in different fibroblast subsets. D, E The distribution (D) and proportion (E) of each fibroblast subset in different tissues. F, G UCell scores: 
Functional assessment gene set scores, such as the proinflammatory score (F) and ECM remodeling score (G), were obtained on the basis 
of the fibroblast signature gene set. H Volcano map showing DEGs in fibroblasts between non-IFM and IFM tissues. I Bar graphs based on bulk 
RNA-seq data showing the differential expression of the top 9 genes in CHI3L1 + fibroblasts at inflammatory (n = 293) and normal tissue sites 
(n = 579). *P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001 (P values were calculated via two-sided t tests)
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Interaction between fibroblasts and macrophages in UC
On the basis of the high consistency and mutual inter-
action of SPP1 + macrophages and CHI3L1 + fibroblasts 
in terms of gene enrichment and signaling pathway 

enrichment, we speculated that there is a mutual interac-
tion between fibroblasts and macrophages in the inflam-
matory areas of UC and that SPP1 + macrophages and 
CHI3L1 + fibroblasts play a central role. First, we used 

Fig. 4  Characterization of fibroblasts in non-IFM and IFM tissues. A GO enrichment analysis of DEGs in fibroblasts. B, C GO (B) and KEGG (C) 
enrichment analyses of DEGs in CHI3L1 + fibroblasts. D–G Pathways significantly enriched according to GSEA. H Monocle2 was used to analyze 
the density distributions of different cell types over time. I UMAP plot showing the inferred development dynamics of fibroblast subsets according 
to RNA velocity. J A situation in which the expression of a gene changes as a function of pseudotime. K, L Heatmap showing the relative expression 
(z score) of the top 5 highly expressed TFs (K) and related pathways (L) in each cell subtype. M Heatmap of the mean expression levels of the top 5 
TF genes in fibroblasts
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CellPhoneDB to calculate the average expression level of 
ligands between the two cell populations as an indicator 
of interaction. Overall, there was a strong ligand‒recep-
tor interaction between the MPs and fibroblasts (Fig. 5A). 
Upon further subdivision into secondary subgroups, the 
CHI3L1 + fibroblasts clearly exhibited stronger interac-
tions with macrophages than did the other fibroblast 
subgroups (Fig.  5B). Further meticulous examination of 
the interaction between ligands and receptors revealed 
a significant association between CHI3L1 + fibroblasts 
serving as ligands and FGF2_CD44 ligand‒receptor 
pairs (Fig.  5C), thus highlighting the robust interplay 
between CHI3L1 + fibroblasts and SPP1 + macrophages. 
Research has underscored the role of fibroblast growth 
factor 2 (FGF2) in engaging with CD44 to facilitate the 
transformation of macrophages into tumor-associ-
ated macrophages [37]. Additionally, CHI3L1 + fibro-
blasts engage extensively with macrophages through 
the CSF3_CSF3R and CSF3_CSF1R pathways (Fig.  5C). 
When CHI3L1 + fibroblasts assume the role of recep-
tors, robust cellular communication is observed between 
SPP1 + macrophages and CHI3L1 + fibroblasts, particu-
larly on the SPP1_CD44 ligand pair. Furthermore, the 
SPP1_PTGER4 and TNF_DAG1 ligand‒receptor pairs 
exhibited marked interactions (Fig.  5D). Notably, this 
intricate cellular communication is absent in non-IFM 
tissues (Fig.  5E, F). To further demonstrate the interac-
tive relationship between fibroblasts and macrophages, 
we created a network graph of intercellular interactions 
using CellChat, highlighting the central positioning of 
CHI3L1 + fibroblasts and SPP1 + macrophages within the 
network (Fig. 5G).

To assess the spatial distribution of CHI3L1 + fibro-
blasts and SPP1 + macrophages, we utilized spatial tran-
scriptomic data from patients with active UC obtained 
via the 10X Visium platform under the GEO acces-
sion number GSE189184. The annotation information 
derived from scRNA-seq was mapped onto two spatial 
transcriptomic tissue sections. In the resulting spatial 
maps, CHI3L1 + fibroblasts and SPP1 + macrophages 
were observed in active UC, with CHI3L1 + fibroblasts 
encircling SPP1 + macrophages. Both cell types were dis-
tributed throughout the lamina propria of the intestinal 
mucosa (Fig.  5H). Using mIHC technology, we found 
that CD68 + SPP1 + cells and CHI3L1 + cells at inflam-
matory sites in UC patients are highly proximal, indicat-
ing potential crosstalk between these cell types (Fig.  5I 
and Supplementary Fig.  6). Furthermore, we screened 
patients with a long history of UC accompanied by CRC 
(Supplementary Table 3) and conducted mIHC staining. 
The results also demonstrated that CD68 + SPP1 + cells 
and CHI3L1 + cells were spatially close in UC-CRC 
patients (Fig. 5J and Supplementary Fig. 7).

The presence of SPP1 + macrophages 
and CHI3L1 + fibroblasts can be used as indicators 
of clinical severity
Next, we used the GEO dataset GSE193677 to categorize 
UC patients into nonactive, stable, moderate, and severe 
UC groups and analyzed the relationships between 
SPP1 + macrophages and CHI3L1 + fibroblasts and UC 
severity. The expression levels of almost all of the top 10 
genes increased as disease severity increased (Fig. 6A–D). 
By using deconvolution analysis, we calculated the ratio 
of SPP1 + macrophages to CHI3L1 + fibroblasts, and, 
unsurprisingly, both were positively correlated with dis-
ease severity (Fig. 6E, F). We further divided UC patients 
into a treatment response group and a nonresponse 
group using infliximab and ustekinumab. The results 
revealed a significant increase in the expression of the 
top genes in SPP1 + macrophages and CHI3L1 + fibro-
blasts in the treatment response group (Fig.  6G–J). 
These findings suggest that SPP1 + macrophages and 
CHI3L1 + fibroblasts influence the response to immu-
notherapy, with higher levels of SPP1 + macrophages 
and CHI3L1 + fibroblasts indicating a better response to 
immunotherapy.

Discussion
UC is a chronic IBD characterized by persistent inflam-
mation of the intestinal tract and aberrant immune 
responses. Although the exact etiology of UC remains 
unclear, an exaggerated immune reaction has been 
shown to play a pivotal role in the pathogenesis and 
progression of this disease [2]. The underlying mecha-
nisms of UC are complex and involve intricate inter-
actions among various immune cells and cytokines 
[38, 39]. While current therapeutic strategies can con-
trol symptoms in some patients, more than half of 
patients still experience chronic, continuous, or relaps-
ing disease, with variable treatment responses due 
to individual differences [40, 41]. Therefore, a deeper 
understanding of the immune microenvironment and 
pathological mechanisms of UC, particularly intercel-
lular interactions, is essential for identifying the root 
causes of this disease and developing more precise ther-
apeutic approaches. Single-cell transcriptomics offers 
an unprecedented opportunity to comprehensively ana-
lyze the immune microenvironment of UC patients at 
single-cell resolution and reveals novel directions for 
future research and therapeutic intervention. Through 
integrated analyses of scRNA-seq data, publicly acces-
sible bulk RNA-seq and spatial transcriptomic datasets, 
and mIHC data from patients treated with biologic 
agents, our study revealed the comprehensive land-
scape of the microenvironment of inflammatory tissue 
and adjacent normal tissue at single-cell resolution. 
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Fig. 5  Interaction network between CHI3L1 + fibroblasts and SPP1 + macrophages. A, B Heatmap showing the number of pairwise receptor‒ligand 
interaction pairs for each cell type according to CellPhoneDB. C, D Receptor‒ligand interaction pair bubble plot for the IFM group presenting 
the top 30 receptor‒ligand pairs screened on the basis of the cell type pairs on the abscissa of this plot. E, F Receptor-ligand interaction pair bubble 
plot for the non-IFM group presenting the top 30 receptor-ligand pairs screened on the basis of the cell type pairs on the coordinates of this 
plot. G Diagram of the interaction network between cells generated by CellPhoneDB using the top 6 genes; cutoff = 0.1. H Spatial feature plots 
of the signature scores of CHI3L1 + fibroblasts, SPP1 + macrophages and epithelial cells in tissue sections. I, J Representative IF images of human UC 
(I) and UC-CRC (J) tissues (20x). DAPI (blue), CHI3L1 (green), SPP1 (yellow), and CD68 (red) are shown in individual and merged channels
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Notably, we reported, for the first time, inflammation-
associated SPP1 + macrophages in UC and proposed 
that there is crosstalk between SPP1 + macrophages 
and surrounding CHI3L1 + fibroblasts, which affects 
the disease process.

Through scRNA-seq analysis, an enriched popula-
tion of SPP1 + macrophages was identified for the first 
time in the inflammatory regions of UC patients, and 
these cells were defined as inflammation-associated 
SPP1 + macrophages. These SPP1 + macrophages exhibit 
high expression levels of the IL-7R gene, MMP family 
genes, and several chemokine genes. MMPs are capable 
of degrading various protein components of the ECM, 
thereby disrupting the intestinal tissue barrier [42]. Previ-
ous studies have shown that the levels of MMP-2, MMP-
9, and inflammatory factors are significantly elevated 
in active UC patients, leading to increased intestinal 
mucosal permeability and further promoting the pro-
gression of UC [43]. Furthermore, SPP1 + macrophages 
are functionally enriched for inflammatory responses. 
Although previous single-cell transcriptomic studies on 
SPP1 + macrophages have been conducted [14, 44, 45], 
most of these studies focused on the tumor microenvi-
ronment, where SPP1 + macrophages promote the pro-
liferation of prostate intraepithelial neoplasia (PIN) cells 
and the development of prostate cancer through the 
activation of the Akt and JNK pathways [39]. The infil-
tration of SPP1 + macrophages has been widely recog-
nized as a key prognostic factor in various cancers [11, 
12]. Additionally, the activation of SPP1hi macrophages 
has been observed in patients with idiopathic pulmonary 
fibrosis, where it plays a crucial role in the progression 
of pulmonary fibrosis [45]. The proportion of infiltrating 
SPP1 + macrophages was positively correlated with the 
severity of UC, as validated by flow cytometry. Given the 
increased incidence of CRC in UC patients, we hypothe-
sized that this macrophage subset may play an important 
role in both the progression of UC and its carcinogenesis.

The heterogeneity of fibroblasts plays an important 
role in regulating the immune microenvironment, and 
different stromal cell groups may play different roles in 
the development of IBD. For example, an activated fibro-
blast population was reported to have proinflammatory 
characteristics, exacerbating inflammation and barrier 
dysfunction [46]. Martin et  al. identified a distinct sub-
set of activated fibroblasts in Crohn’s disease lesions; 
these cells were characterized by NCR2 ligand expression 
(CCL2/CCL7) and functional interactions with mono-
cyte subsets expressing S100A8/S100A9/S100A4 [47]. 
Inflammatory fibroblasts expressing IL13RA2 and IL11 
are associated with resistance to TNF therapy in IBD 
patients [19]. In Crohn’s disease, CXCL14 + and MMP/
WNT5A + fibroblasts have been reported to display 
central signaling in CD strictures and to contribute to a 
poor prognosis [21]. Intestinal fibroblasts can reshape the 
cytokine milieu through IL-1β-TLR-NFκB axis activation 
and remodel the extracellular matrix (ECM) via MMP13-
mediated collagen degradation, ultimately establishing 

Fig. 6  CHI3L1 + fibroblast and SPP1 + macrophage infiltration 
according to disease severity and biological treatment response. 
A–D Bar graphs and heatmaps based on bulk RNA-seq data 
showing differential expression of the genes most highly expressed 
in CHI3L1 + fibroblasts (A, C) and SPP1 + macrophages (B, D) at the 4 
disease severity levels. E, F Histograms of SPP1 + macrophage 
and CHI3L1 + fibroblast proportions and correlations 
between groups according to different severities of inflammatory 
(E) and noninflammatory tissue (F) after deconvolution on the basis 
of bulk RNA-seq data (R values were calculated via Spearman 
correlation). G, H Bar graphs based on bulk RNA-seq data showing 
the differential expression of the top genes in CHI3L1 + fibroblasts 
(G) and SPP1 + macrophages (H) in the active and inactive groups 
according to their response to biologics. I Scatter plot diagrams 
of the ratios of CHI3L1 + fibroblasts in the active (n = 38) and inactive 
(n = 87) groups according to the response to biologics. J Scatter plot 
diagrams of the ratios of SPP1 + macrophages in the active (n = 60) 
and inactive (n = 140) groups according to the response to biologics. 
*P < 0.05, **P < 0.01, ***P < 0.001, and ****P < 0.0001 (P values were 
calculated by the Mann‒Whitney test)
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a self-sustaining cycle of chronic inflammation [16]. We 
found a highly enriched subtype of CHI3L1 + fibroblasts 
in the inflammatory tissue of UC patients, which also 
exhibited enrichment of inflammation-associated func-
tions. CHI3L1 is strongly induced during late-stage mac-
rophage differentiation in humans, during which nuclear 
Sp1 binds to the CHI3L1 promoter, promoting late-stage 
maturation of human macrophages [48]. Moreover, 
CHI3L1 can mediate tumor-associated inflammation by 
activating the MAPK signaling pathway to increase IL-8 
and CCL2 expression in SW480 cells and by phosphoryl-
ating IL-8, MMP-2, MMP-9, CCL2, CXCL2, and other 
proinflammatory mediators at the tumor site [34, 49, 50]. 
In our study, profiling of CHI3L1 + fibroblasts revealed 
upregulated expression of multiple proinflammatory 
mediator genes and enrichment of several signaling path-
ways directly related to the MAPK pathway, such as the 
TNF signaling pathway, which is consistent with the find-
ings concerning CHI3L1 in tumors described above.

Macrophages and fibroblasts play important roles 
as components of the intestinal immune microen-
vironment. When the immune balance is disrupted, 
interactions between these two cell types collectively 
promote inflammation. A previous study reported that 
FAP + fibroblasts may promote the differentiation of 
THBS1 + macrophages into SPP1 + macrophages through 
the RARRES2/CMKLR1 interaction, leading to connec-
tive tissue proliferation [14].

This study revealed an interaction between SPP1 + mac-
rophages and surrounding CHI3L1 + fibroblasts at 
inflammatory sites in UC patients that triggers an intes-
tinal inflammatory response. According to our analysis, 
SPP1 + macrophages and CHI3L1 + fibroblasts exhibit a 
high degree of overlap in the enrichment of proinflam-
matory mediators and inflammation-related signaling 
pathways. In previously reported spatial transcriptomic 
studies of UC, the authors described a high degree of spa-
tial correlation between CD68 + CHI3L1 + inflammatory 
fibroblasts and inflammation-associated macrophages 
[20]. Our analysis revealed that CHI3L1 + fibroblasts spa-
tially surround SPP1 + macrophages, with both cell types 
scattered throughout the lamina propria of the intesti-
nal mucosa in active UC. In addition, our mIHC results 
revealed spatial proximity between CHI3L1 + fibroblasts 
and SPP1 + macrophages at the ulcer site in colorectal 
tissues from UC patients.

To explore the mechanism of interaction between mac-
rophages and fibroblasts, we performed cell commu-
nication analysis via CellPhoneDB. On the basis of this 
analysis, we hypothesize that the interaction between 
SPP1 + macrophages and CHI3L1 + fibroblasts in UC 
may be influenced by the complex relationships among 
FGF2, CD44, and SPP1. Previous mouse model studies 

have shown that a lack of FGF2 exacerbates colitis, high-
lighting its role in macrophage programming and as an 
immune regulator in the tumor microenvironment [37]. 
Additionally, FGF2 has been found to promote gastric 
cancer progression by driving tumor-associated mac-
rophage infiltration [51]. In bladder cancer, inflammatory 
cancer-associated fibroblasts (CAFs) secrete FGF2, which 
acts on the CD44 receptor of tumor stem cells, sustain-
ing tumor stemness and epithelial‒mesenchymal trans-
formation [52]. The SPP1‒CD44 interaction has been 
well documented in various cancers, such as gastric can-
cer, where it accelerates malignant progression through 
crosstalk between SPP1 + macrophages and cancer cells 
[53]. Similarly, in liver cancer, SPP1 mediates crosstalk 
between hepatocellular carcinoma cells and macrophages 
via SPP1-CD44 [54]. Moreover, CD44 and FGF2 recep-
tors, such as FGFR2, regulate gastric cancer cell growth 
through the c-myc protein regulatory circuit [55].

Following CellPhoneDB analysis, which revealed 
potential interactions between SPP1 + macrophages and 
CHI3L1 + fibroblasts, we further explored the relation-
ships between these cell types and TFs using PySCE-
NIC analysis. PySCENIC analysis revealed a strong 
correlation between CHI3L1 + fibroblasts and the TF 
MYC and a strong correlation between SPP1 + mac-
rophages and IRF4. Seyeon et  al. reported that the 
MYC/LDH/IRF4 axis plays a role in the polarization of 
inflammatory macrophages, indicating a link between 
metabolic reprogramming and the function of inflam-
matory macrophages [36]. In addition, the MYC/IRF1 
axis has been shown to be involved in immune escape 
and tumor progression in patients with CRC or hepa-
tocellular carcinoma [56, 57]. Based on our findings of 
several tumor-associated pathways and TFs in UC, we 
further performed mIHC on intestinal tissue sections 
from CRC patients with a history of UC and determined 
the spatial proximity between CHI3L1 + fibroblasts and 
SPP1 + macrophages. These findings suggest that the 
two cell subtypes identified in this study—SPP1 + mac-
rophages and CHI3L1 + fibroblasts—may play important 
roles in the concurrent development of UC and CRC.

Finally, we analyzed the associations between the 
clinical outcomes and clinical characteristics of patients 
grouped according to the proportions of CHI3L1 + fibro-
blasts and SPP1 + macrophages. Data from the GEO 
database confirmed that the ratio of CHI3L1 + fibroblasts 
to SPP1 + macrophages was positively correlated with 
the severity of UC. A greater proportion of SPP1 + mac-
rophages and CHI3L1 + fibroblasts is associated with a 
better immunotherapy response, particularly in cohorts 
treated with infliximab and ustekinumab. These find-
ings suggest that the levels of SPP1 + macrophages and 
CHI3L1 + fibroblasts may serve as potential indicators for 
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predicting the response to immunotherapy. Infliximab 
and ustekinumab alleviate inflammatory responses by 
inhibiting the activity of proinflammatory cytokines such 
as TNF-α, IL-12, and IL-23 [58, 59]. On the basis of these 
findings, we hypothesize that in patients with a greater 
proportion of SPP1 + macrophages and CHI3L1 + fibro-
blasts, immunotherapy may be more effective in cor-
recting the immune dysregulation induced by these cells, 
thereby increasing the efficacy of immunotherapy.

This study has several limitations. First, unfortunately, 
we did not collect samples from UC-CRC patients for 
scRNA-seq. We plan to further expand the UC-CRC 
patient cohort and clarify the single-cell transcrip-
tional landscape of UC-CRC patients in subsequent 
studies. Second, we did not find enough transcrip-
tomic data from UC-CRC patients in the public data-
base. A detailed description of CHI3L1 + fibroblasts and 
SPP1 + macrophages in UC-CRC patients in this study 
will be provided in future studies. Moreover, we were 
unable to obtain patient samples after immunotherapy 
for additional analysis. In future work, we plan to col-
lect post-immunotherapy samples to investigate the role 
of SPP1 + macrophages and CHI3L1 + fibroblasts in the 
mechanisms underlying the immunotherapy response.
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