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Abstract
Background  Inflammatory bowel disease (IBD) represents a group of chronic and relapsing inflammatory disorders 
of the gastrointestinal tract, primarily encompassing Crohn’s disease (CD) and ulcerative colitis (UC). To elucidate 
immune heterogeneity and molecular mechanisms underlying IBD pathogenesis, we performed an integrated high-
resolution transcriptomic and experimental analysis across 1436 patients with IBD and CRC.

Methods  436 samples in transcriptomics level were analyzed, including 415 bulk RNA-seq, 18 single-cell RNA-seq 
(10x Genomics), and 3 spatial transcriptomic (Visium) samples from human intestinal tissue. Additionally, serum 
carcinoembryonic antigen (CEA) levels were evaluated in 1000 patients diagnosed with IBD (CD or UC) and colorectal 
cancer (CRC).

Results  Single-cell analysis identified major immune and stromal cell types, among which epithelial cells, T cells, B 
cells, and tissue stem cells were the most abundant in both CD and UC tissues. Comparative profiling revealed an 
increase in epithelial and stem cell populations in diseased tissues, indicating enhanced epithelial regeneration and 
immune activation. Integration of bulk and single-cell RNA-seq datasets highlighted several disease-associated genes, 
including: CEACAM5, LGALS1, NUAK1, and PDGFRA, with CEACAM5 showing consistent upregulation across CD and 
UC samples. Pseudotime trajectory analysis demonstrated that CEACAM5 expression increased during the later stages 
of epithelial cell differentiation and suggesting its involvement in mucosal remodeling and chronic inflammation. 
Spatial transcriptomic mapping confirmed localized CEACAM5 overexpression in epithelial regions of colorectal 
cancer tissues, further supporting its role in disease progression. Serological analysis revealed that serum CEA levels 
were significantly higher in CRC compared to IBD and within IBD, Crohn’s disease patients exhibited higher CEA levels 
than ulcerative colitis patients (P < 0.05).
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Background
Crohn’s disease (CD) and ulcerative colitis (UC) are 
the two main inflammatory gastrointestinal conditions 
that are included in the group of chronic and known as 
inflammatory bowel disease (IBD) [1]. Approximately 
ten million individuals worldwide suffer from IBD and 
the prevalence becomes higher mainly in historically 
high-prevalence countries such as North America and 
Western Europe as well as among industrialized nations 
in Asia, Africa and South America [2]. Although both 
sexes are susceptible to IBD, CD is significantly more 
prevalent in women and UC is significantly more com-
mon in men [2]. Particularly, between 20 and 25% of 
patients are identified during childhood and demonstrat-
ing the increasingly high incidence of children with IBD 
[3] and also IBD continues to appear in adults around 
the age range of 20 and 40 [3]. There are major distinc-
tions between Crohn’s disease and ulcerative colitis with 
regard to of their medical attitudes, histological charac-
teristics and spatial spread [3]. Although CD may affect 
any part of the gastrointestinal tract, it most commonly 
affects the ascending colon, cecum and terminal ileum 
[4]. UC is limited to the colon and rectum and usually 
starting there and moving progressively [5]. Mainly the 
mucosal surface of the gastrointestinal wall has become 
inflammatory and the most frequently affected regions 
are the rectum, descending colon and sigmoid colon [5]. 
Progressive diarrhea (sometimes blood in UC), gut dis-
comfort, decreased weight, exhaustion, pressure, tenes-
mus and extraintestinal indications including discomfort 
in the joints, wounds on the skin, and retinal inflamma-
tion are among the clinical signs of IBD [6]. IBD-related 
permanent inflammation considerably increases the risk 
of colorectal cancer (CRC), especially in patients with 
family history of the illnesses, severe colonic engage-
ment and a widespread condition [6]. Consequently, 
observation colonoscopy is an essential part of ongo-
ing treatment for people suffering from IBD [6]. Our 
knowledge of the pathophysiology of IBD has changed 
as a result of recent developments in molecular biol-
ogy, especially in genomic methods [7]. By discovering 
certain inflammatory cell subsets, epithelial cell difficul-
ties and stromal cell modifications that are related to 
inflammation, single-cell RNA seq (scRNA-seq) enables 
studies to analyze the intestinal mucosa’s cellular compo-
sition [7]. The use of this approach is improved by spatial 
transcriptomics, which maintains the spatial context of 

gene expression inside the structure of tissues [8]. Fur-
thermore, This method enables for the investigation of 
microenvironmental effects and interactions among cells 
across various intestinal structural regions, including the 
descending, transverse, and ascending colon [8]. Finally, 
these innovations provide strong instruments for discov-
ering screening biomarkers, comprehending variation in 
patient reactions to therapy and unlocking opportunities 
to obtain personalized therapeutic approaches for IBD.

In this research, we conducted a high-resolution inte-
grated investigation into immune cell populations uti-
lizing 436 samples obtained from bulk RNA-Seq (415 
samples), single-cell RNA-seq (10x Genomics, 18 sam-
ples) and spatial transcriptomic platform (3 samples, 10x 
visium). We first analyzed the FASTQ files of the 415 IBD 
samples including 65 colon healthy tissue and 25 ileum 
healthy tissue from healthy tissue samples and 87 colon 
CD tissue and 81 ileum CD tissue from Crohn’s disease 
tissue samples and 118 colon UC tissue and 39 ileum UC 
tissue from ulcerative colitis tissue samples that were col-
lected from SRA database. Consequently, we conduct 
an scRNA-seq assessment of 18 human IBD samples: 6 
healthy (21,171 genes, 20,351 cells), 6 Crohn’s disease 
(CD) (21,959 genes, 21,747 cells) and 6 ulcerative colitis 
(UC) (20,390 genes, 17,082 cells). Spatial transcriptomic 
analysis was performed using three publicly available 
colorectal cancer tissue samples from the 10x Genom-
ics Visium platform to characterize the spatial archi-
tecture and tumor microenvironmental context. The 
IBD-associated cellular signatures previously defined by 
single-cell RNA-seq analysis were subsequently projected 
onto these spatial datasets to investigate how inflam-
mation-related cell populations are spatially organized 
within colorectal tumor tissues. In order to complete 
these molecular evaluations, we conducted experimen-
tal research on a clinically recognizable cohort of 1,000 
patients with pathologically diagnosed colorectal cancer 
and inflammatory bowel disease. This cohort included 
735 IBD patients (320 Crohn’s disease and 415 ulcer-
ative colitis) and 265 patients with colorectal cancer in all 
clinical stages. Collectively, this integrative multi-omics 
and clinical framework enabled systematic dissection of 
immune and cellular heterogeneity across inflammatory 
and malignant tissues, facilitating the identification of 
biologically and clinically relevant molecular targets with 
potential diagnostic and therapeutic implications in IBD 
and colorectal cancer.

Conclusions  Collectively, these findings indicate that CEACAM5 (CEA) serves as a key molecular marker linking 
epithelial activation in IBD to tumorigenic processes in colorectal cancer and providing potential diagnostic and 
prognostic value for distinguishing inflammatory bowel disease and colorectal cancer.

Keywords  Colorectal cancer, Inflammatory bowel disease, Crohn’s disease, Ulcerative colitis, Single-cell, Spatial 
transcriptomics, Multi-omics
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Methods
Collecting RNA-Seq data sets (bulk RNA-Seq, single cell 
RNA-Seq and spatial transcriptomic)
Figure 1 demonstrates the general framework of the 
data analysis and specific methods. With the goal to find 

studies on IBD and CRC gene expression profiles accord-
ing to bulk and single cell RNA-Seq, we searched the 
Sequence Read Archive (SRA, ​h​t​t​p​​s​:​/​​/​w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​
.​​g​o​v​/​s​r​a) [9], Gene Expression Omnibus (GEO, ​h​t​t​p​​s​:​/​​/​w​
w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​/​g​e​o​/) [10] and PubMed databases (​

Fig. 1  Integrated workflow for bulk, single-cell, spatial transcriptomic profiling and experimental validation in inflammatory bowel disease, including 
Crohn’s disease and ulcerative colitis and colorectal cancer patients. (A) Publicly available bulk RNA‑seq datasets were analyzed to characterize inflam-
mation‑associated transcriptional genes across healthy intestinal tissues and inflammatory bowel disease, such as Crohn’s disease and ulcerative colitis. 
(B) Single‑cell RNA‑seq evaluation was employed to resolve cellular and immune heterogeneity in human intestinal tissues and enabling high‑resolution 
identification of disease‑associated immune states and cell type specific transcriptional alterations. (C) Spatial transcriptomics of human colorectal cancer 
tissues was performed using Visium HD platforms to delineate tissue architecture, immune cell localization, and tumor microenvironmental heterogene-
ity within preserved tissue sections. (D) Key computational findings were evaluated through experimental and clinical analyses in a large, well‑character-
ized patient cohort and supporting the biological relevance of the identified immune and molecular signatures across blood samples from patients with 
inflammatory bowel disease (IBD) and colorectal cancer (CRC)

 

https://www.ncbi.nlm.nih.gov/sra
https://www.ncbi.nlm.nih.gov/sra
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://pubmed.ncbi.nlm.nih.gov/
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h​t​t​p​​s​:​/​​/​p​u​b​​m​e​​d​.​n​​c​b​i​​.​n​l​m​​.​n​​i​h​.​g​o​v​/). “IBD”, “Crohn’s dis-
ease”, “Ulcerative colitis”, “Bulk RNASeq”, “Single cell 
RNASeq”, “Gene expression profiling”, “Spatial heteroge-
neity”, “Visium gene expression”, “Colorectal cancer” and 
“Spatial transcriptomics analysis” were included in the 
search parameters. We used the 10x Genomics database 
(https://www.10xgenomics.com/) as the main reference 
for obtaining datasets related to spatial transcriptomics. 
Our database search was based on established standards 
specific to spatial transcriptomics, which includes uti-
lizing visium spatial gene expression technologies or 
comparable spatial profiling approaches that are 10x 
appropriate. Search for criteria contained terms includ-
ing “Spatial transcriptomics”, “Visium” and “Spatial gene 
expression” in combination with parameters for clinical 
metadata (such as tissue type, organisms and sequence 
depth) and resource format (such as raw FASTQ files, 
processed count matrix). The related files, which usu-
ally included raw sequencing reads, spatial barcode data 
and imaging data when appropriate, were downloaded in 
order to obtain suitable data sets. We evaluated compa-
rability with the following analysis workflows by combin-
ing each dataset’s metadata regarding our research goals 
in order to validate data accuracy and significance. Bulk, 
single cell RNA-seq and spatial transcriptomics datasets 
from experiments have been included in addition to data 
regarding the gene expression levels for every single cell 
type in tumor tissues from patients with colorectal can-
cer, healthy tissues and patients with IBD such as Crohn 
disease and ulcerative colitis. Single-cell and bulk RNA-
seq datasets from research using models of animals, 
including rat and mouse investigations treating various 
types of cells with multiple types of drugs and antibodies 
and systematic review papers were not included.

Characterization of datasets: bulk, single cell and spatial 
transcriptomic
We obtained original expression RNA-seq datasets, 
including bulk RNA-seq, single cell RNA-seq and spa-
tial transcriptomics. The collection includes 8 datasets 
encompassing 436 samples, with 63,520 genes and 59,180 
cells from single-cell datasets and 14,878 spots from 
10x Genomics spatial datasets, covering human species 
and spanning healthy controls, inflammatory bowel dis-
eases (Crohn’s disease and ulcerative colitis). The bulk 
RNA sequencing (RNA-seq) datasets from human tissue 
samples, consist of 415 samples from four GEO datasets. 
GSE165512 (SRP303290), sequenced using the Illumina 
HiSeq 2500 platform, comprises 168 samples: 35 healthy 
colon, 10 healthy ileum, 40 colon Crohn’s disease (CD), 
43 ileum Crohn’s disease (CD), 40 colon ulcerative coli-
tis (UC) and no ileum ulcerative colitis (UC) samples. 
PRJEB24645 (ERP106487), sequenced using the Illumina 
HiSeq 2500 platform, contains 79 samples: 16 healthy 

colon, 11 healthy ileum, 15 colon Crohn’s disease (CD), 
10 ileum Crohn’s disease (CD), 16 colon ulcerative coli-
tis (UC) and 11 ileum ulcerative colitis (UC) samples. 
GSE183620 (SRP336051), sequenced using the Illumina 
NovaSeq 6000 platform, includes 114 samples without 
healthy controls: 18 colon Crohn’s disease (CD), 22 ileum 
Crohn’s disease (CD), 46 colon ulcerative colitis (UC) and 
28 ileum ulcerative colitis (UC) samples [11]. GSE191234 
(SRP351557), sequenced using the Illumina HiSeq 2500 
platform, consists of 54 samples: 14 healthy colon, 4 
healthy ileum, 14 colon Crohn’s disease (CD), 6 ileum 
Crohn’s disease (CD), 16 colon ulcerative colitis (UC) and 
no ileum ulcerative colitis (UC) samples. These datas-
ets collectively including 90 healthy, 168 Crohn’s disease 
(CD) and 157 ulcerative colitis (UC) samples across colon 
and ileum tissues. GSE214695 [12], sequenced using the 
Illumina NextSeq 500 platform, includes 18 human IBD 
samples: 6 healthy (21,171 genes, 20,351 cells), 6 Crohn’s 
disease (CD) (21,959 genes, 21,747 cells) and 6 ulcerative 
colitis (UC) (20,390 genes, 17,082 cells). These datasets 
offer cellular resolution for inflammatory bowel diseases 
in humans. 10x Genomics datasets for spatial transcrip-
tomics analysis such as (1) Human Colorectal Cancer 
datasets (Whole Transcriptome) sequenced using the 
Illumina NovaSeq 6000 platform (​h​t​t​p​​s​:​/​​/​w​w​w​​.​1​​0​x​g​​e​n​o​​
m​i​c​s​​.​c​​o​m​/​​d​a​t​​a​s​e​t​​s​/​​h​u​m​​a​n​-​​c​o​l​o​​r​e​​c​t​a​​l​-​c​​a​n​c​e​​r​-​​w​h​o​​l​e​-​​t​r​a​
n​​s​c​​r​i​p​​t​o​m​​e​-​a​n​​a​l​​y​s​i​s​-​1​-​s​t​a​n​d​a​r​d​-​1​-​2​-​0), 1 slide ​(​V​1​0​A​1​
3​-​2​0​6​) with 3,138 spots, 112,228 mean reads per cell, a 
median of 3,538 genes per spot and 8,906 UMI counts 
per spot, related to invasive adenocarcinoma; (2) Human 
Intestine Cancer (FPPE), sequenced using the Illumina 
NovaSeq 6000 platform (​h​t​t​p​​s​:​/​​/​w​w​w​​.​1​​0​x​g​​e​n​o​​m​i​c​s​​.​c​​o​m​
/​​d​a​t​​a​s​e​t​​s​/​​h​u​m​​a​n​-​​i​n​t​e​​s​t​​i​n​e​-​c​a​n​c​e​r​-​1​-​s​t​a​n​d​a​r​d), includes 
1 slide (V10L13-021) with 2,660 spots, 77,288 reads per 
spot, a median of 7,438 genes per spot and 25,312 UMI 
counts per spot, associated with large intestine colorectal 
cancer; (3) Human Colorectal Cancer (11 mm Capture 
Area (FFPE)), sequenced using the Illumina NovaSeq 
6000 platform (​h​t​t​p​​s​:​/​​/​w​w​w​​.​1​​0​x​g​​e​n​o​​m​i​c​s​​.​c​​o​m​/​​d​a​t​​a​s​e​
t​​s​/​​h​u​m​​a​n​-​​c​o​l​o​​r​e​​c​t​a​​l​-​c​​a​n​c​e​​r​-​​1​1​-​​m​m​-​​c​a​p​t​​u​r​​e​-​a​r​e​a​-​f​f​p​
e​-​2​-​s​t​a​n​d​a​r​d), 1 slide (V52Y10-310) with 9,080 spots, 
911,044,482 total reads at 46.2% saturation, a median of 
9,560 genes per spot, and 49,282 UMI counts per spot, 
related to colorectal cancer. All information for datasets 
including bulk, single cell and spatial transcriptomics 
were reported in Table 1.

Sample processing and differential expression analysis in 
bulk-transcriptomics
Fastq files were converted from .sra format to paired files 
with fastq format utilizing the SRAToolkits (v3.0.0) (​h​t​t​p​​
s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​n​c​b​i​​/​s​​r​a​-​​t​o​o​​l​s​/​w​​i​k​​i​/​0​​1​.​-​​D​o​w​n​​l​o​​a​d​i​n​g​-​S​R​
A​-​T​o​o​l​k​i​t) package [9]. The FASTQC software (​h​t​t​p​​s​:​/​​/​w​
w​w​​.​b​​i​o​i​​n​f​o​​r​m​a​t​​i​c​​s​.​b​​a​b​r​​a​h​a​m​​.​a​​c​.​u​​k​/​p​​r​o​j​e​​c​t​​s​/​f​a​s​t​q​c​/) was 

https://pubmed.ncbi.nlm.nih.gov/
https://www.10xgenomics.com/
https://www.10xgenomics.com/datasets/human-colorectal-cancer-whole-transcriptome-analysis-1-standard-1-2-0
https://www.10xgenomics.com/datasets/human-colorectal-cancer-whole-transcriptome-analysis-1-standard-1-2-0
https://www.10xgenomics.com/datasets/human-colorectal-cancer-whole-transcriptome-analysis-1-standard-1-2-0
https://www.10xgenomics.com/datasets/human-intestine-cancer-1-standard
https://www.10xgenomics.com/datasets/human-intestine-cancer-1-standard
https://www.10xgenomics.com/datasets/human-colorectal-cancer-11-mm-capture-area-ffpe-2-standard
https://www.10xgenomics.com/datasets/human-colorectal-cancer-11-mm-capture-area-ffpe-2-standard
https://www.10xgenomics.com/datasets/human-colorectal-cancer-11-mm-capture-area-ffpe-2-standard
https://github.com/ncbi/sra-tools/wiki/01.-Downloading-SRA-Toolkit
https://github.com/ncbi/sra-tools/wiki/01.-Downloading-SRA-Toolkit
https://github.com/ncbi/sra-tools/wiki/01.-Downloading-SRA-Toolkit
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
https://www.bioinformatics.babraham.ac.uk/projects/fastqc/
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utilized in order to evaluate the samples’ read quality [13]. 
We employed the TRIMMOMATIC software (V-0.39) to 
eliminate and reduce the sequence of samples [14]. For 
all samples, the following settings were used to mini-
mize the sequenced reads: LEADING:15, TRAILING:15, 
SLIDINGWINDOW:4:25, and MINLEN:50. The human 
reference genome GRCH38 was utilized for alignment of 
the cleaned RNA-Seq data using the HISAT2 (v2.2.1) (​h​
t​t​p​​s​:​/​​/​d​a​e​​h​w​​a​n​k​​i​m​l​​a​b​.​g​​i​t​​h​u​b​.​i​o​/​h​i​s​a​t​2​/) mapping ​s​o​f​t​w​a​
r​e [15]. Read counts for gene expression in each sample 
were calculated using the HT-Seq software and hg38.
ncbiRefSeq.gtf annotation file [16]. All of the samples col-
lected from these four data sets has been integrated using 
the SVA package (v3.50) in the R programming language 
to generate a combined data set of 415 samples [17]. The 
“ComBat_seq” function was employed for obtaining the 
batch effect from the count data. The R package DESeq2, 

(v1.42.1), was used to normalize the levels of gene expres-
sion to detect differences in gene expression across all 
samples [18]. The default threshold was defined as |log2 
(FC)| ≥ 1 and false discovery rate (FDR) < 0.05. The most 
crucial enrichment pathways and biological processes of 
DEGs were subsequently identified by utilizing the Kyoto 
Encyclopedia of Genes and Genomes (KEGG) and Gene 
Ontology (GO) studies, which was carried out utilizing 
the ClusterProfiler package in the R programming lan-
guage [19].

Quality control and data integration in single-cell 
transcriptomics analysis
The Seurat package [20] was utilized for analyzing 
the 10x Genomice scRNA-seq data (63,520 genes and 
59,180 cells) in the R programming language. Quality 
control (QC) was carried out on the input matrix, and 

Table 1  Basic characteristics of the gene expression profile data in inflammatory bowel disease and colorectal cancer
Datasets/
BioProject/
Species (GEO)

SRP 
Datasets

Platform Healthy Crohn’s disease Ulcerative colitis Data 
TypeColon-Healthy Ileum-Healthy Colon-CD Ileum-CD Colon-UC Ileum-UC

GSE165512 
(N = 168) (Human)

SRP303290 Illumina 
HiSeq 2500

35 10 40 43 40 0 Bulk 
RNASeq

PRJEB24645 
(N = 79) (Human)

ERP106487 Illumina 
HiSeq 2500

16 11 15 10 16 11 Bulk 
RNASeq

GSE183620 
(N = 114) (Human)

SRP336051 Illumina 
NovaSeq 
6000

0 0 18 22 46 28 Bulk 
RNASeq

GSE191234 (N = 54) 
(Human)

SRP351557 Illumina 
HiSeq 2500

14 4 14 6 16 0 Bulk 
RNASeq

GSE214695 (N = 18) 
(Human)

- Illumina 
NextSeq 
500

6 (Total Genes: 21,171 - Total Cells: 
20,351)

6 (Total Genes: 21,959 - 
Total Cells: 21,747)

6 (Total Genes: 20,390 - 
Total Cells: 17,082)

Single 
Cell 
RNASeq

10x Genomics 
Datasets
(Spatial 
Transcriptomics)

Sequenc-
ing 
instru-
ment

Sequenc-
ing depth

Slide Spots detected Median 
genes per 
spot

Me-
dian UMI 
counts per 
spot

Disease State Spe-
cies

Human Colorectal 
Cancer: Whole 
Transcriptome 
Analysis

Illumina 
NovaSeq 
6000, 
flow cell 
HHYWHD-
SXY (lanes 
1-4)

112,228 
mean reads 
per cell

V10A13-206 3,138 3,538 8,906 Invasive Adenocarcinoma Human

Human Intestine 
Cancer (FPPE)

Illumina 
NovaSeq 
6000, flow 
cell HC-
CVHDSX2 
(lanes 1-2)

77,288 
reads per 
spot

V10L13-021 2,660 7,438 25,312 large intestine colorectal 
cancer

Human

Human Colorectal 
Cancer, 11 mm 
Capture Area 
(FFPE)

Illumina 
NovaSeq 
6000, flow 
cells HJW-
FGDSX5 
and HJW-
2WDSX5 
(lane 1-4)

911,044,482 
reads / 
46.2% 
saturation

V52Y10-310 9,080 9,560 49,282 colorectal cancer Human

https://daehwankimlab.github.io/hisat2/
https://daehwankimlab.github.io/hisat2/
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lower-quality cells were filtered according to the follow-
ing criteria in order to generate a high-quality scRNA-
seq expression matrix: (1) To create a seurat object, 
cells express over 200 several distinct genes and genes 
expressed in at least three distinct cells considered to be 
acceptable. (2) In regard to total diversity, just cells with 
levels of gene expression greater than 200 and fewer than 
6000 for normal objects, 6000 for objects with Crohn’s 
disease, and 5000 for objects with ulcerative colitis have 
been evaluated. (3) To discover the proportion of genes 
related with both ribosome or mitochondrial functions 
that were actually found in each cell, the “Percentage-
FeatureSet” function was employed. The data collected 
from scRNA-seq has been normalized utilizing the “Log-
Normalize” method in the “NormalizeData” function. 
After evaluation of quality, the top 2000 highly variable 
genes were identified and displayed using the “FindVari-
ableFeatures” and “VariableFeaturePlot” functions. The 
“SelectIntegrationFeatures”, “FindIntegrationAnchors” 
and “IntegrateData” approaches were used to integrate 
all seurat objects (normal, Crohn’s disease, and ulcerative 
colitis) using the CCA algorithm. Following that, data 
for every gene expression was subsequently adjusted and 
centered using the “ScaleData” function. Consequently, 
the cell obtained a variance of 1 and a mean expression 
of 0.

Nonlinear dimension reduction, clustering and marker 
identification
Principal component analysis (PCA) was used for evalu-
ating 2000 genes utilizing the “RunPCA” function in the 
Seurat package [20]. Utilizing the initial 20 main compo-
nents, a comprehensive cellular clustering evaluation was 
carried out. The “VizDimLoadings”, “DimPlot” and “Dim-
Heatmap” functions were used to display gene expression 
for principal component analysis (PCAs). Following that, 
cellular clustering was identified using the “JackStraw, 
num.replicate = 100”, “ScoreJackStraw, dims = 1:20”, 
“JackStrawPlot”, “ElbowPlot”, “FindNeighbors, dims = 
1:20” and “FindClusters” functions in the Seurat package 
[20], with the criterion “resolution” set at 0.5. Addition-
ally, the uniform manifold approximation and projection 
(UMAP) approach with the “RunUMAP” function was 
used to reduce dimension and discover clusters of cells. 
The “FindAllMarkers” function was employed to estimate 
the false discovery rates (Adj.Pvalue) and log2foldchange 
in order to detect the genes that displayed differen-
tial expression (DEGs) in each cluster. DEGs with logfc. 
threshold = 1 and min.pct = 0.25 were considered the 
marker genes for each cluster. Utilizing the “FeaturePlot” 
functions with reduction “umap” in the Seurat pack-
age [20], the gene expression patterns of marker genes 
across multiple clusters throughout each cell types were 
also determined. Finally, the SingleR [21], celldex [21] 

and SingleCellExperiment [22] R packages were utilized 
to computationally clusters and categorize different types 
of cells utilizing the “HumanPrimaryCellAtlasData” func-
tion. To further resolve lymphocyte heterogeneity, B cell 
and T cell subsets were extracted from the main single-
cell dataset and re-clustered using SingleR [21] annota-
tion referenced to the Human Primary Cell Atlas and 
enabling refined subtype identification within each lin-
eage. The ClusterProfiler package [19] in the R program-
ming language was applied to detect the GO and KEGG 
characteristics of the marker genes of critical cells.

Single cell pseudotime trajectories analysis
The R package Monocle2 (v2.30.0) [23] was utilized to 
conduct single-cell trajectory evaluation with the aim of 
determining the cell state changes. We imported RDS 
data including cell types into R programming language. 
The “newCellDataSet” function has been utilized to 
build a new object with the inputs “expressionFamily = 
negbinomial.size” and “lowerDetectionLimit = 0.5”. The 
options “reduction_method = “DDRTree” and “max_
components = 2” were used to decrease dimensional-
ity by utilizing the “reduceDimension” function. The 
cell lineage trajectories were then determined through 
pseudotime and cell clustering, utilizing the standard 
parameters of the Monocle2 package [23]. The findings 
were then displayed by using the “plot_cell_trajectory” 
function. Furthermore, dynamic changes in pseudotime-
dependent gene expression over pseudotime were dis-
played using the “plot_genes_in_pseudotime” function. 
Additionally, pseudotime trajectories were constructed 
separately for each major cell type to examine lineage-
specific gene expression dynamics. The directionality of 
each trajectory was inferred from progressive transitions 
in expression patterns of previously identified biologi-
cal markers rather than preset annotations. Accordingly, 
early pseudotime phases represented immature or low-
activity cellular states, whereas late phases corresponded 
to elevated expression of differentiation and activation 
markers, reflecting progressive cellular maturation within 
each lineage.

Investigation of cell-to-cell communication
The intercellular communication networks are compre-
hensively calculated utilizing scRNA-seq data by employ-
ing a new package named CellChat [24]. CellChat (​h​t​t​p​​s​:​
/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​s​q​j​i​​n​/​​C​e​l​l​C​h​a​t) may anticipate the essential 
communication inputs and results for cells and discover 
exactly these cells and signaling are connected based on 
human communication between ligand and receptor col-
lections and detection of patterns algorithms [24]. The 
potential cell-cell interaction networks were discovered 
for every group. CellChat was built on a foundation of an 
extensive database containing secreted communication, 

https://github.com/sqjin/CellChat
https://github.com/sqjin/CellChat
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ECM-receptor, and cell-cell contact connections. Fol-
lowing the guidelines, we employed the R programming 
language to load the RDS files including the normal-
ized count and cell types from the Seurat package [20] 
into CellChat (v2.1.2) package [24]. Normal parameter 
preprocessing approaches including “identifyOverEx-
pressedGenes” and “identifyOverExpressedInteractions” 
were employed. Critical functions such as “aggregateNet”, 
“computeCommunProb” and “computeCommunProb-
Pathway” were utilized for the main analysis based on 
comparable parameters. Communications were demon-
strated utilizing the R programming language.

Integrative analysis of gene biomarkers: ROC, survival and 
TCGA expression profiles
To assessment the biomarker potential of selected genes, 
ROC curves were created utilizing the pROC [25] pack-
age and “roc” function applied to compare tumor and 
normal samples and calculate AUC values for each gene. 
The findings were visualized to highlight the most dis-
criminative genes and their relative performance. AUC 
values between 0.7 and 0.8 were considered acceptable, 
0.8-0.9 good, and 0.9-1 excellent, demonstrating strong 
biomarker potential. Subsequently, survival evaluation 
was performed using the survival [26] and survminer 
[27] packages. Kaplan-Meier curves were generated using 
“Surv” and “survfit” functions and stratifying patients 
into high and low expression groups based on the median 
gene expression and hazard ratios with corresponding 
p-values were calculated to assess the prognostic sig-
nificance of each gene. Finally, gene expression levels in 
tumor and normal tissues were examined using TCGA-
COAD and TCGA-READ data obtained through the 
TCGAbiolinks [28] package. Differences in expression 
were visualized to validate the relevance of the selected 
genes and providing a comprehensive overview of their 
diagnostic and prognostic potential in colorectal cancer.

Decoding tissue architecture using spatial transcriptomics 
and cell deconvolution
We used an extensive collection of packages that comple-
mented the processing, visualization, and computational 
components of our research for the spatial deconvolution 
evaluation. These contained GraphST for graph-based 
spatial analysis [29], OS for management of files, Torch 
for deep learning assistance [30], Skmisc and Scikit-learn 
for additional statistical and metric calculations [31], 
OT for optimal transportation analysis [32], Matplotlib 
and its submodule Pyplot for visualization [33], Pandas 
[34] and NumPy [35] for data manipulation and Scanpy 
[36] and AnnData for processing spatial transcriptomics 
data. The GraphST package [29] in a Python program-
ming language was used to integrate single-cell RNA 
sequencing (scRNA-seq) and spatial transcriptomics data 

in order to determine the spatial organization and cel-
lular composition of IBD (Crohn’s disease and ulcerative 
colitis) and colorectal cancer tissues. The scRNA-seq 
data, originally stored in RDS format, were converted to 
the AnnData-compatible h5ad format using the R pack-
ages SeuratData [37] and SeuratDisk [38]. The R pro-
gramming language was chosen in order to perform this 
conversion. Following that, the “scanpy.read_h5ad” func-
tion from the Scanpy package [36] was used to import 
the single-cell dataset into Python. The filtered feature-
barcode matrix (filtered_feature_bc_matrix.h5) and 
related images with high resolution were also included 
in the spatial transcriptomics data that was loaded using 
“scanpy.read_visium” from the visium platform. Using 
the “var_names_make_unique” function, unique vari-
able names were allocated to the single-cell and spatial 
datasets to facilitate integration and prevent naming dif-
ferences. To improve the accuracy of data and ensure 
analytical strength, the single-cell and spatial datasets 
completed a thorough preparation process. By applying 
“sc.pp.normalize_total” to normalize the spatial data-
set (called as “data_spatial”) with a target sum of 10,000 
counts per spot, log-transformation was subsequently 
carried out utilizing “sc.pp.log1p” in order to stabi-
lize variance. In order to identify highly variable genes 
(HVGs), “sc.pp.highly_variable_genes” was used. The top 
2,000 genes were chosen based on their dispersion, and 
the dataset was then subset to these genes. To prepare the 
spatial data for GraphST analysis, we applied “GraphST.
preprocess” for initial preprocessing, constructed spa-
tial interactions with “GraphST.construct_interaction” 
to capture neighborhood relationships and added con-
trastive labels using “GraphST.add_contrastive_label” to 
improve feature discrimination. The single-cell dataset, 
called “data_singlecell” completed a similar processing 
approach. “sc.pp.normalize_total(target_sum=1e4)” was 
employed for normalization, while “sc.pp.log1p” was 
used for log-transformation. “data_singlecell.X[data_
singlecell.X < 0] = 0” was used to establish negative 
expression variables to zero in order to eliminate data 
objects, and “np.nan_to_num” with the parameters “nan 
= 0.0”, “posinf = 0.0”, and “neginf = 0.0” was applied in 
order to replace incomplete or infinity values with zeros. 
“sc.pp.filter_cells(min_genes = 1)” was utilized to fil-
ter cells expressing a minimum of one gene, and “sc.
pp.filter_genes(min_cells = 1)” was employed to filter 
genes expressed in at least one cell. The dataset was fil-
tered in accordance with the selection of HVGs utiliz-
ing “sc.pp.highly_variable_genes(n_top_genes = 2000)”. 
The single-cell data was then aligned using the spatial 
approaches using the “GraphST.preprocess” method. 
The “GraphST.preprocess.filter_with_overlap_gene” was 
used to harmonize the feature spaces of “data_spatial” 
and “data_singlecell” in order to identify and preserve 
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overlapping genes and ensure dataset compatibility. To 
create a representation appropriate for downstream 
modeling, “GraphST.get_feature” was used to extract 
features from the spatial data for model training and 
deconvolution. The GraphST model was initialized 
with a configuration of 1,200 epochs, a random seed of 
50 for reproducibility, and computation delegated to a 
CUDA-enabled GPU (`torch.device(‘cuda:1’)`) if avail-
able, defaulting to CPU otherwise. The single-cell refer-
ence data was utilized to determine the proportions of 
all types of cells inside each spatial spot by setting the 
“deconvolution=True” criterion. By mapping cellular 
characteristics onto the spatial context, “model.train_
map” combined the single-cell and spatial data to create 
updated “data_spatial” and “data_singlecell” objects. The 
single-cell data was annotated with cell types according 
to specified frequency that were maintained in a list of 
terms (referred as “frequencies”). The “data_singlecell.
obs[‘cell_type’]” column was updated with a list of cell 
types (“cell_type_list”) that was created by repeating each 
cell type based on its frequency. “GraphST.utils.proj-
ect_cell_to_spot” was then used to project the single-cell 
annotations onto the spatial spots, keeping 15% of the 
top-ranked features (“retain_percent = 0.15”) to optimize 
noise reduction and guarantee reliable deconvolution. 
We used the “scanpy.pl.spatial” function from the Scanpy 
[36] package to demonstrate the spatial distribution of 
deconvoluted cell types. This plotting function was used 
to the “data_spatial” object, highlighting specific cell 
types of interest for normal-Crohn’s disease group such 
as: Epithelial cell, T cell (CD4+ central memory T cells, 
CD8+ central memory T cells, CD4+ effector memory T 
cells, CD8+ naïve T cells, CD4+ T cells and gamma-delta 
T cells), B cell (Plasma B cells, Memory B cells, Naïve 
B cells and Immature B cells), Tissue stem cell, Macro-
phage, Monocyte, Neutrophil, NK cell, DC, Endothelial 
cell and Astrocyte. For normal-ulcerative colitis such as: 
B cell (Plasma B cells, Memory B cells, Naïve B cells and 
Immature B cells), Epithelial cell, T cell (CD8+ central 
memory T cells, CD4+ effector memory T cells, CD8+ 
naïve T cells and gamma-delta T cells), Tissue stem cell, 
NK cell, Macrophage, Neutrophils, Hepatocytes and 
Endothelial cell. By modeling the distribution of cells 
according to spatial coordinates, we were able to show 
the number of cells in various colorectal and IBD tissues 
regions using the magma and viridis color palettes.

Spatial transcriptomics profiling of gene expression 
patterns
For gene expression analysis, 10x Genomics spatial tran-
scriptomics data was employed to identify the spatial 
gene expression of colorectal cancer. Spatial transcrip-
tomics data (ST) was analyzed and demonstrated using 
the Seurat (v5.0.1) R package [20]. The “SCTransform” 

function was used to normalize the data, the “ScaleData” 
function was utilized to scale the data, and the “RunPCA”, 
“FindNeighbors”, “FindClusters”, and “RunUMAP” func-
tions were employed to reduce the dimensionality and 
evaluate the clustering process. The results interpretation 
for integrated cell types were employed to provide the 
scRNA-seq reference in the normal options. By apply-
ing the R package SpacexR (v.2.2.1) [39], the spatial gene 
expression and spatial deconvolution of cell types from 
reference scRNA-seq data to the spatial transcriptomic 
data was obtained utilizing the RCTD (Robust Cell Type 
Decomposition) approach. For each slice of the Visium 
HD dataset, matrix containing raw counts and spatial 
coordinates were used to build the spatialRNA object in 
RCTD. After that, the reference scRNA-seq and spatial-
RNA objects were processed in parallel using the “create.
RCTD” function, and the RCTD algorithm was carried 
out using the “doublet_mode = doublet” option using the 
“run.RCTD” function. The “SpatialFeaturePlot” function 
was used to identify specific genes.

Spatial autocorrelation analysis of gene expression and cell 
type frequencies
Spatial autocorrelation analysis of gene expression and 
cell type frequencies was conducted in R utilizing the 
Seurat [20], dplyr [40] and spdep [41] packages. A pre-
processed single-cell dataset stored in H5Seurat format 
and imported with “LoadH5Seurat” function and nor-
malized gene expression values for marker genes was 
extracted from the RNA assay using “GetAssayData” 
function, followed by subsetting to genes available in 
the dataset. These expression profiles were merged with 
the active cell type identities from H5Seurat object to 
construct a unified data matrix for downstream analy-
ses. For each tissue dataset, spatially matched cells were 
retained and grouped by their annotated cell types. Spa-
tial autocorrelation of gene expression within each cell 
type was evaluated using Moran’s I approach from the 
spdep [41] package. Spatial neighbor relationships were 
defined through a 4-nearest-neighbor graph computed 
using “knearneigh” function and “knn2nb” function and 
corresponding weight matrices was generated utiliz-
ing “nb2listw(style = “W”)” function. Moran’s I statistics 
and p-values were calculated using “moran.test” function 
with “zero.policy = TRUE” to accommodate isolated spa-
tial points.

IBD and CRC patients
A total of 1000 patients diagnosed with inflammatory 
bowel disease (IBD) and colorectal cancer (CRC) were 
included in this study from the Medical Diagnostic Labo-
ratory in Golestan and Mazandaran Provinces, Iran. All 
the IBD and CRC patients involved in the study were 
diagnosed with pathological proof and has not been 
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received chemotherapy or radiotherapy before the sur-
gery. Among them, 735 patients diagnosed with IBD and 
265 patients diagnosed with CRC. The IBD group con-
sisted of 348 males and 387 females, aged between 18 and 
59 years. Within this group, 320 patients were diagnosed 
with Crohn’s disease (CD) including 143 males and 177 
females and 415 patients were diagnosed with ulcerative 
colitis (UC) including 205 males and 210 females. The 
CRC group included 265 patients, aged between 45 and 
89 years, comprising 142 males and 123 females. Accord-
ing to clinical staging, 79 patients (36 males and 43 
females) were classified as Stage I, 68 patients (35 males 
and 33 females) as Stage II, 80 patients (33 males and 47 
females) as Stage III and 38 patients (24 males and 14 
females) as Stage IV. Clinical information of the patients, 
including Patient ID, Pathological Diagnosis, TNM or 
IBD Group, Age, Gender, and CEA level, is provided in 
Supplementary Table S1.

Serum CEA evaluation in CRC and IBD patients
Serum Carcinoembryonic Antigen (CEA) levels evalu-
ated in inflammatory bowel disease (IBD) and colorectal 
cancer (CRC) patients. The study population included 
patients diagnosed with or suspected of having IBD and 
CRC based on physician referral and clinical findings. 
Individuals with other indications for laboratory testing 
were excluded. Additional exclusion criteria included a 
history of jaundice, cirrhosis, cholelithiasis, pancreatitis, 
or other malignancies. All participants were informed 
about the purpose and procedures of the study, and 
written consent was obtained prior to blood collection. 
Demographic data such as age, sex, and relevant clini-
cal characteristics were recorded for correlation analysis. 
From each participant, 5 mL of fasting venous blood was 
collected under sterile conditions in plain tubes without 
anticoagulant. Samples were centrifuged at 1500 rpm for 
5 min to separate serum, which was then aliquoted into 
microtubes and stored at -20 °C until analysis. To ensure 
consistency, all samples were processed immediately after 
collection following standard laboratory procedures. 
Serum levels of CEA were quantitatively determined 
using a fully automated LIAISON analyzer (Diasorin, 
Italy), employing the chemiluminescent immunoas-
say (CLIA) method, known for its high sensitivity and 
specificity. In some comparable studies, enzyme-linked 
immunosorbent assay (ELISA) kits, including the CEA 
Human ELISA Kit (Thermo Fisher), were used for refer-
ence. Normal reference ranges were defined as < 4 µg/mL 
for CEA, consistent with international clinical labora-
tory standards. The clinical staging of CRC patients was 
determined based on postoperative pathological findings 
following the TNM classification system of the American 
Joint Committee on Cancer (AJCC) and the Union for 
International Cancer Control (UICC). The study included 

patients across all stages (I-IV) and cases undergoing 
neoadjuvant chemotherapy or with incomplete data were 
excluded. All laboratory approaches including blood col-
lection, sample handling and measurements were con-
ducted according to standardized operating protocols. 
The testing was performed under supervision of a quali-
fied clinical laboratory specialist. Data were analyzed to 
evaluate the relationship between tumor marker levels 
and patient demographic or clinical variables. This study 
was performed in accordance with the Helsinki Declara-
tion and all patients participating in the study provided 
written informed consent. This study is approved by the 
research ethics committees of Islamic Azad University-
Sari Branch with the following ethic code IR.IAU.SARI.
REC.1404.365.

Statistical analysis
All statistical analyses were performed using Ubuntu 
22.04 LTS, R (v4.3.2, R Foundation for Statistical Com-
puting, Vienna, Austria; http://www.r-project.org/) and 
Python programming languages. Various packages and 
toolkits were employed for data processing and visual-
ization, including SRAToolkits, FASTQC, TRIMMO-
MATIC, HISAT2, HTSeq, SVA, DESeq2, ClusterProfiler, 
Seurat, Celldex, SingleCellExperiment, SingleR, Mono-
cle2, CellChat, SeuratDisk, SeuratData, SpacexR, dplyr, 
spdep, TCGAbiolinks, pROC, survival, survminer, 
Scanpy, Matplotlib, OS, Torch, Pandas, NumPy, Skmisc, 
Scikit-learn, OT, and GraphST. Descriptive statistics were 
used to summarize the demographic and biochemical 
characteristics of study participants. Differences between 
groups were assessed using the chi-square test, unpaired 
Student’s t-test, or ANOVA, as appropriate. The serum 
carcinoembryonic antigen (CEA) levels were compared 
across diagnostic and demographic subgroups. Cell fre-
quencies measured by Xenium were compared between 
the two groups using the Mann-Whitney test, with mul-
tiple comparisons controlled using the two-stage linear 
step-up procedure of Benjamini, Krieger, and Yekutieli 
to control the false discovery rate (FDR). A p-value < 0.05 
was considered statistically significant.

Results
Preprocessing of bulk-RNA seq data
FASTQC software was used to calculate the raw pro-
cessed read accuracy from bulk-RNAseq analysis, and 
the results indicated that the level of quality was excel-
lent. To make sure that none of the bases with a phred 
quality lower than 15 were identified, every sample were 
processed using standard data cleaning approaches in 
accordance with their initial data good. We conducted a 
comprehensive analysis of transcriptomic data derived 
from four publicly available datasets: SRP303290, 
ERP106487, SRP336051, and SRP351557, encompassing 

http://www.r-project.org/
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a total of 11,583,879,924 sequences. The SRP303290 data-
set initially included 6,613,782,588 sequences, which were 
refined to 5,712,391,130 after quality trimming. Simi-
larly, the ERP106487 dataset started with 1,511,710,813 
sequences, retaining 970,158,026 post-trimming. For 
SRP336051, we processed 1,945,450,027 sequences, of 
which 1,465,643,660 remained after trimming. Lastly, the 
SRP351557 dataset contained 1,512,936,496 sequences, 
with 1,120,611,457 sequences retained following the 
trimming process. In total, after applying quality control 
measures, 9,268,804,273 sequences were carried forward 
for subsequent transcriptomic analyses, ensuring robust 
data integrity for downstream investigations (Supple-
mentary Figure S1). The bulk-RNASeq analysis statistics 
are listed in Supplementary Table S2.

Differential gene expression analysis
Following preprocessing, we performed differential gene 
expression analysis to identify upregulated and down-
regulated genes across distinct groups, comparing nor-
mal samples to those from Crohn’s disease and ulcerative 
colitis across various colon tissue regions. In the normal 
vs. Crohn’s disease group for colon tissue, we identified 
140 upregulated and 185 downregulated genes. For the 
normal vs. ulcerative colitis group in colon tissue, 1,010 
genes were upregulated, while 116 were downregulated. 
In the normal vs. Crohn’s disease group for ileum tissue, 
1,089 genes were upregulated, and 48 were downregu-
lated. For the normal vs. Crohn’s disease group in ascend-
ing colon tissue, we observed 366 upregulated and 401 
downregulated genes, whereas the normal vs. ulcerative 
colitis group in ascending colon tissue showed 631 upreg-
ulated and 420 downregulated genes. In the normal vs. 
Crohn’s disease group for sigmoid colon tissue, 767 genes 
were upregulated, and 662 were downregulated, while the 
normal vs. ulcerative colitis group in sigmoid colon tissue 
exhibited 678 upregulated and 663 downregulated genes. 
Lastly, in the normal vs. Crohn’s disease group for termi-
nal ileum tissue, we identified 719 upregulated and 1,297 
downregulated genes, and the normal vs. ulcerative coli-
tis group in terminal ileum tissue revealed 206 upregu-
lated and 317 downregulated genes. The full list of DEGs 
for all groups can be found in Supplementary Table S3.

Exploring cellular diversity through single-cell 
transcriptome analysis
We performed a scRNA-seq analysis of 63,520 genes 
and 59,180 cells from 18 human IBD samples: 6 healthy 
(21,171 genes, 20,351 cells), 6 Crohn’s disease (CD) 
(21,959 genes, 21,747 cells) and 6 ulcerative colitis (UC) 
(20,390 genes, 17,082 cells). Supplementary Table S4 indi-
cates the number of cells and genes for 18 samples both 
before and after quality controls. After that, scRNA-seq 
data normalization and quality evaluation, lower-quality 

cells were removed. Lastly, for additional analysis, the 
top 2000 genes with the largest variance variations were 
selected. Next, we utilized the “RunPCA” function to 
reduce the PCA dimensional of the top 2000 highly vari-
able genes as a component of a dimension reduction 
examination across samples. Many “important” PCs with 
low p-values were identified. After utilizing the Jack-
StrawPlot method to demonstrate the top 20 principal 
components, the variance of each PC was measured and 
compared to the median dispersion. The data of highly 
diverse genes was fully reflected by the “important” PCs, 
which typically had a low p-value. whereas combined, the 
“ElbowPlot” function demonstrated that, although the 
flexible point was approximately the 10th PC, the varia-
tion decreased gradually after the 20th PC. At this point 
we generated a heatmap of the original PCs, highlighting 
their most significant genes in order to demonstrate how 
their DEGs differentiated from that of other PCs. Overall, 
we selected the top 20 PCs for additional UMAP analysis 
(Supplementary Figure S2).

Inflammation associated modulation of cellular landscape 
in Crohn’s disease
Numerous cell clusters between normal and Crohn’s 
disease were examined by combining the samples, as 
demonstrated by the umap plot (Fig.  2A). Furthermore, 
cells were clustered using the “FindCluster” function to 
generate 24 clusters (Fig.  2A). Following that, we iden-
tified 11 different cell types inside these clusters using 
SingleR, a computational annotation program based on 
the Human Primary Cell Atlas database. These cell types 
included: epithelial cell (cluster annotated: C0, C3, C4, 
C9 and C11), T cell (cluster annotated: C1, C5, C10, C12, 
C14 and C20), B cell (cluster annotated: C2, C7 and C18), 
tissue stem cell (cluster annotated: C6, C19 and C23), 
macrophage (cluster annotated: C8), monocyte (cluster 
annotated: C13), neutrophil (cluster annotated: C15), 
NK cell (cluster annotated: C16), DC (cluster annotated: 
C17), endothelial cell (cluster annotated: C21) and astro-
cyte (cluster annotated: C22) (Fig.  2A, Supplementary 
Table S5). Next, we detected 4 subpopulation for B cells 
such as: immature B cells (cluster annotated: C5), naïve 
B cells (cluster annotated: C4), memory B cells (cluster 
annotated: C3) and plasma B cells (cluster annotated: 
C0, C1 and C2) from 7 subclusters and 6 subpopulation 
for T cells such as: CD4+ central memory T cells (cluster 
annotated: C0, C2 and C8), CD8+ central memory T cells 
(cluster annotated: C1 and C5), CD4+ effector memory T 
cells (cluster annotated: C3 and C9), CD8+ naïve T cells 
(cluster annotated: C4), CD4+ T cells (cluster annotated: 
C6 and C7) and gamma-delta T cells (cluster annotated: 
C10) from 11 subclusters (Supplementary Table S5). The 
frequency analysis revealed significant alterations in epi-
thelial cell, T cell, B cell and tissue stem cell populations 
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Fig. 2  High resolution of single cell transcriptomic atlas in Crohn’s disease compared to normal intestinal tissue reveals distinct reshaping of the mucosal 
immune landscape. (A) UMAP visualization of 24 integrated clusters from combined normal and Crohn’s disease samples, colored by computationally 
annotated cell types using SingleR and the Human Primary Cell Atlas reference. Major cell types identified include epithelial cells (C0, C3, C4, C9, C11), T 
cells (C1, C5, C10, C12, C14, C20), B cells (C2, C7, C18), tissue stem cells (C6, C19, C23), macrophages (C8), monocytes (C13), neutrophils (C15), NK cells (C16), 
dendritic cells (DC; C17), endothelial cells (C21), and astrocytes (C22). (B) UMAP plot showing the relative frequencies of major cell types in Crohn’s dis-
ease compared to normal samples, highlighting significant depletion of epithelial cells and tissue stem cells, and enrichment of T cells in Crohn’s disease 
tissue. (C) UMAP plot displaying the proportional composition of all 11 annotated cell types in each individual normal and Crohn’s disease samples. (D) 
Comparative box plots of cell-type proportions between Crohn’s disease and normal groups, indicating decreased percentages of epithelial cells, B cells, 
tissue stem cells, NK cells, DC, and astrocytes, and increased percentages of T cells, macrophages, monocytes, neutrophils, and endothelial cells in Crohn’s 
disease samples and subpopulation analysis of immune cells revealed marked shifts in T and B cell differentiation states in Crohn’s disease: increased 
proportions of CD4+ central memory, CD4+ effector memory, CD8+ naïve, CD4+, and gamma-delta T cells, with decreased CD8+ central memory T cells; 
and elevated memory and naïve B cells alongside reduced plasma and immature B cells in Crohn’s disease compared to normal tissue
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between Crohn’s tissue and normal controls and demon-
strating that the most common cell types in samples of 
normal and Crohn’s disease are epithelial cells, T cells, 
B cells, and tissue stem cells. Specifically, epithelial cells 
exhibited a significant decrease in Crohn’s tissue com-
pared to normal samples. In contrast, T cells showed a 
significant increase in Crohn’s tissue relative to normal 
tissue. Moreover, both B cells and tissue stem cells dem-
onstrated a significant decrease in Crohn’s tissue com-
pared with the normal group (Fig. 2B). The proportion of 
11 cell types in tissue samples from Crohn’s disease and 
normal tissue was then analyzed, as illustrated in Fig. 2C. 
The percentages of each population in the normal and 
Crohn’s disease samples were subsequently compared 
and it was discovered that in the immune cell population, 
the proportion of epithelial cell (CD vs. normal: 29.94% 
vs. 41.92%) (p = 0.1), B cell (CD vs. normal: 16.85% vs. 
18.36%) (p = 0.9), tissue stem cell (CD vs. normal: 4.33% 
vs. 7.92%) (p = 0.06), NK cell (CD vs. normal: 1.24% vs. 
2.19%) (p = 0.01), DC (CD vs. normal: 0.86% vs. 1.95%) 
(p = 0.02) and astrocyte (CD vs. normal: 0.20% vs. 0.56%) 
(p = 0.01) in the Crohn’s disease tissue samples was 
deceased, while the proportion of T cell (CD vs. normal: 
33.65% vs. 23.32%) (p = 0.1), macrophage (CD vs. nor-
mal: 5.36% vs. 1.74%) (p = 0.3), monocyte (CD vs. normal: 
3.10% vs. 1.34%) (p = 0.1), neutrophil (CD vs. normal: 
3.51% vs. 0.01%) (p = 0.004), endothelial cell (CD vs. nor-
mal: 0.90% vs. 0.64%) (p = 0.09) was increased (Fig.  2D, 
Supplementary Table S6). Several distinct changes were 
observed in T cell and B cell subpopulations when com-
paring normal and Crohn’s disease samples. The per-
centages of each T cell subset in the normal and Crohn’s 
disease samples were subsequently compared, revealing 
distinct distribution profiles across multiple T cell popu-
lations. The proportion of CD4+ central memory T cells 
(CD vs. normal: 43.63% vs. 36.51%) (p = 0.4), CD4+ effec-
tor memory T cells (CD vs. normal: 13.17% vs. 12.92%) 
(p = 0.4), CD8+ naïve T cells (CD vs. normal: 9.48% vs. 
6.42%) (p = 0.4), CD4+ T cells (CD vs. normal: 12.95% vs. 
6.06%) (p = 0.4), and gamma-delta T cells (CD vs. normal: 
3.66% vs. 0.65%) (p = 0.01) was increased in Crohn’s dis-
ease compared to normal controls. In contrast, the pro-
portion of CD8+ central memory T cells (CD vs. normal: 
16.28% vs. 35.28%) (p = 0.01) was decreased in Crohn’s 
disease tissue samples (Fig.  2D, Supplementary Figure 
S3A, Supplementary Table S6). The percentages of each 
B cell subset in the normal and Crohn’s disease samples 
were subsequently compared and revealing distinct dis-
tribution patterns among the four B cell subpopulations. 
The proportion of plasma B cells (CD vs. normal: 54.79% 
vs. 67.10%) (p = 0.1) and immature B cells (CD vs. normal: 
9.49% vs. 14.64%) (p = 0.1) was decreased in Crohn’s dis-
ease tissue samples. In contrast, the proportion of mem-
ory B cells (CD vs. normal: 21.39% vs. 12.86%) (p = 0.1) 

and naïve B cells (CD vs. normal: 14.33% vs. 5.56%) 
(p = 0.1) was increased in Crohn’s disease compared to 
normal controls (Fig.  2D, Supplementary Figure S3A, 
Supplementary Table S6). We utilized the umap approach 
for unsupervised clustering to identify gene expres-
sion profiles and discovered numerous important genes, 
including: (epithelial cell: 389), (T cell: 185), (B cell: 104), 
(tissue stem cell: 588), (macrophage: 87), (monocyte: 
198), (neutrophil: 88), (NK cell: 67), (DC: 47), (endothelial 
cell: 198) and (astrocyte: 132). The complete list of mark-
ers for the 11 cell types can be found in Supplementary 
Table S7.

Uncovering inflammatory driven cellular diversity in 
ulcerative colitis
The umap plot demonstrates that many cell clusters 
between normal and ulcerative colitis were investigated 
via integrating the samples (Fig.  3A). Additionally, 20 
clusters were created by clustering cells using the “Find-
Cluster” function (Fig.  3A). Utilizing these clusters, we 
then employed SingleR, a computational annotation pro-
gram based on the Human Primary Cell Atlas database, to 
identify 9 distinct cell types. These cell types consisted of: 
B cell (Cluster annotated: C0, C2 and C11), epithelial cell 
(Cluster annotated: C1, C6, C7 and C18), T cell (Cluster 
annotated: C3, C4, C8 and C12), tissue stem cell (Cluster 
annotated: C5 and C19), NK cell (Cluster annotated: C9 
and C14), macrophage (Cluster annotated: C10 and C17), 
neutrophils (Cluster annotated: C13), hepatocytes (Clus-
ter annotated: C15) and endothelial cell (Cluster anno-
tated: C16) (Supplementary Table S5). The frequency 
analysis revealed significant alterations in epithelial, T, B, 
and tissue stem cell populations between ulcerative coli-
tis tissue and normal controls. Specifically, epithelial cells 
exhibited a significant decrease in ulcerative colitis tissue 
compared to normal samples. In contrast, T cells and B 
cells showed a significant increase in ulcerative colitis tis-
sue relative to normal tissue. Moreover, tissue stem cells 
demonstrated a significant decrease in ulcerative colitis 
tissue compared with the normal group (Fig.  3B). Fol-
lowing that, we identified 4 B cell subpopulations, includ-
ing: plasma B cells (cluster annotated: C0, C2, C6, C7, 
C8 and C9), memory B cells (cluster annotated: C1 and 
C4), naïve B cells (cluster annotated: C3) and immature 
B cells (cluster annotated: C5) from 10 subclusters and 
CD8+ central memory T cells (cluster annotated: C0, C2, 
C4 and C7), CD4+ effector memory T cells (cluster anno-
tated: C1 and C6), CD8+ naïve T cells (cluster annotated: 
C3) and gamma-delta T cells (cluster annotated: C8) 
from 9 subclusters (Supplementary Table S5). Following 
that, the proportion of nine different cell types in sam-
ples of normal and ulcerative colitis tissues was examined 
and shown in (Fig. 3C). After comparing the proportions 
of each population in the normal and ulcerative colitis 
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samples, it was found that among the immune cell popu-
lation, the proportion of epithelial cell (UC vs. normal: 
5.15% vs. 42.07%) (p = 0.002), tissue stem cell (UC vs. 
normal: 5.33% vs. 8.47%) (p = 0.3), neutrophils (UC vs. 
normal: 1.64% vs. 2.19%) (p = 0.5), hepatocytes (UC vs. 
normal: 0.22% vs. 1.95%) (p = 0.002) in the ulcerative coli-
tis tissue samples was reduced, while the proportion of B 
cell (UC vs. normal: 40.72% vs. 18.28%) (p = 0.02), T cell 
(UC vs. normal: 28.07% vs. 20.61%) (p = 0.3), NK cell (UC 
vs. normal: 9.95% vs. 2.70%) (p = 0.1), macrophage (UC 
vs. normal: 7.59% vs. 3.03%) (p = 0.01) and endothelial cell 
(UC vs. normal: 1.30% vs. 0.64%) (p = 0.06) was increased 
(Fig.  3D, Supplementary Table S8). The percentages 
of each T cell subset in the normal and ulcerative coli-
tis samples were subsequently compared, revealing dis-
tinct distribution patterns among the four measured T 
cell populations. The proportion of CD8+ central mem-
ory T cells (UC vs. normal: 43.57% vs. 41.83%) (p = 0.9), 
CD4+ effector memory T cells (UC vs. normal: 32.40% 
vs. 30.39%) (p = 0.9), and CD8+ naïve T cells (UC vs. 
normal: 18.70% vs. 19.30%) (p = 0.9) showed no notable 
change in ulcerative colitis tissue. In contrast, the pro-
portion of gamma-delta T cells (UC vs. normal: 5.33% vs. 
8.48%) (p = 0.9) was decreased in ulcerative colitis com-
pared with normal controls, with the most pronounced 
reduction observed in gamma-delta T cells (Fig.  3D, 
Supplementary Figure S3B, Supplementary Table S8). 
The percentages of each B cell subset in the normal and 
ulcerative colitis samples were subsequently compared, 
revealing distinct distribution patterns among the four 
measured B cell populations. The proportion of plasma B 
cells (UC vs. normal: 37.69% vs. 36.68%) (p = 0.5) showed 
a slight increase in ulcerative colitis tissue. In contrast, 
the proportion of memory B cells (UC vs. normal: 17.45% 
vs. 20.63%) (p = 0.3) and immature B cells (UC vs. nor-
mal: 13.32% vs. 21.75%) (p = 0.01) was decreased in ulcer-
ative colitis, while naïve B cells (UC vs. normal: 29.36% 
vs. 23.12%) (p = 0.6) was increased in ulcerative colitis 
compared with normal controls (Fig.  3D, Supplemen-
tary Figure S3B, Supplementary Table S8). These find-
ings indicate a shift in T cell and B cell composition in 
ulcerative colitis, potentially reflecting altered immune 
dynamics and T cell and B cell responses in the disease 

state. Employing unsupervised clustering depending on 
the umap method, 9 cell types were identified across nor-
mal and ulcerative colitis samples and many significant 
genes were found, such as: (B cell: 72), (epithelial cell: 
417), (T cell: 150), (tissue stem cell: 347), (NK cell: 62), 
(macrophage: 268), (neutrophils: 65), (hepatocytes: 39) 
and (endothelial cell: 200). A comprehensive list of mark-
ers for each of the nine cell types are provided in Supple-
mentary Table S9.

Identification of pathway enrichment analysis in Crohn’s 
disease and ulcerative colitis
GO and KEGG features have been identified in the main 
cell marker genes for normal ulcerative colitis and normal 
Crohn’s disease. In the normal-Crohn’s disease group, 
marker genes of T cell, NK cell, macrophage, astrocyte, 
B cell and monocyte were associated with biological pro-
cess such as: regulation of T cell activation, activating 
cell surface receptor signaling pathway and B cell medi-
ated immunity (Supplementary Table S10, Supplemen-
tary Figure S4A). In the molecular function category, 
the marker genes of T cell, macrophage, astrocyte and 
monocyte related to MHC protein complex binding and 
MHC class II protein complex binding and antigen bind-
ing. The marker genes of T cell, NK cell, monocyte, tis-
sue stem cell and neutrophils are connected to cytokine 
activity and immunoglobulin binding (Supplementary 
Table S10, Supplementary Figure S4B). In the cellular 
component category, the marker genes of epithelial cell, 
NK cell, macrophage, astrocyte, B cell, monocyte, tissue 
stem cell and endothelial cell related to collagen-contain-
ing extracellular matrix, external side of plasma mem-
brane and endoplasmic reticulum lumen (Supplementary 
Table S10, Supplementary Figure S4C). The marker genes 
of epithelial cell, macrophage, monocyte and tissue stem 
cell is related to the Mineral absorption and the marker 
genes of T cell, macrophage, astrocyte and monocyte are 
associated to the Antigen processing and presentation 
and Cytokine-cytokine receptor interaction. The marker 
genes of DC, monocyte, tissue stem cell and neutrophils 
are related to the NF-kappa B signaling pathway; found 
in the category of KEGG pathways (Supplementary Table 
S10, Supplementary Figure S4D). Supplementary Table 

(See figure on previous page.)
Fig. 3  High-resolution single-cell transcriptomic atlas of ulcerative colitis compared to normal intestinal tissue demonstrates distinct reshaping of the 
mucosal immune landscape. (A) UMAP visualization of 20 integrated clusters from combined normal and ulcerative colitis samples, colored by com-
putationally annotated cell types using SingleR and the Human Primary Cell Atlas reference. Nine major cell types were identified: B cells (C0, C2, C11), 
epithelial cells (C1, C6, C7, C18), T cells (C3, C4, C8, C12), tissue stem cells (C5, C19), NK cells (C9, C14), macrophages (C10, C17), neutrophils (C13), hepato-
cytes (C15), and endothelial cells (C16). (B) UMAP plot showing relative frequencies of major cell types in ulcerative colitis compared to normal samples, 
demonstrating significant depletion of epithelial cells and tissue stem cells accompanied by marked enrichment of B cells and T cells in ulcerative colitis 
tissue. (C) UMAP plot illustrating the proportional composition of all nine annotated cell types across individual normal and ulcerative colitis samples. (D) 
Comparative box plots of cell type proportions between ulcerative colitis and normal groups, showing decreased percentages of epithelial cells, tissue 
stem cells, neutrophils, and hepatocytes, and increased percentages of B cells, T cells, NK cells, macrophages, and endothelial cells in ulcerative colitis 
samples and subpopulation analysis indicated shifts in B and T cell differentiation states in ulcerative colitis: increased naïve B cells and slightly elevated 
plasma B cells with reduced memory and immature B cells; stable proportions of most T-cell subsets except a decrease in gamma-delta T cells
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S10 fully includes all GO BP, GO MF, GO CC and KEGG 
Pathway gene markers for all cell types in the normal-
Crohn’s disease group. In the normal-ulcerative colitis 
group, marker genes of B cell, T cell, NK cell, neutrophils 
and macrophage are related to the immune response-
activating cell surface receptor signaling pathway, 
immune response-regulating cell surface receptor sig-
naling pathway, B cell mediated immunity and immuno-
globulin mediated immune response; found in biological 
process category (Supplementary Table S11, Supplemen-
tary Figure S4E). In the molecular function category, 
marker genes of B cell, T cell, NK cell, macrophage are 
related to the antigen binding, immunoglobulin recep-
tor binding, MHC protein complex binding. The marker 
genes of T cell, neutrophils, macrophage and tissue stem 
cell is connected to the cytokine activity. Marker genes of 
NK cell and macrophage are associated to the MHC class 
II protein complex binding (Supplementary Table S11, 
Supplementary Figure S4F). The marker genes of B cell 
are related to the immunoglobulin complex, IgG immu-
noglobulin complex and endoplasmic reticulum lumen. 
The marker genes of T cell, NK cell, neutrophils, mac-
rophage, tissue stem cell and endothelial cell are related 
to the external side of plasma membrane and MHC class 
II protein complex; found in the cellular component cat-
egory (Supplementary Table S11, Supplementary Figure 
S4G). In the KEGG pathway category, marker genes of 
NK cell and T cell are associated to the Intestinal immune 
network for IgA production, Cytokine-cytokine receptor 
interaction, Natural killer cell mediated cytotoxicity and 
Apoptosis. The marker genes of epithelial cell are related 
to the Mineral absorption and Bile secretion and finally 
the marker genes of hepatocytes are connected to the 
MicroRNAs in cancer and EGFR tyrosine kinase inhibi-
tor resistance (Supplementary Table S11, Supplemen-
tary Figure S4H). All GO BP, GO MF, GO CC and KEGG 
Pathway gene markers for every cell type in the normal-
ulcerative colitis group are fully included in Supplemen-
tary Table S11.

Pseudotime trajectories between Crohn’s disease and 
ulcerative colitis
In order to study the patterns of development, pseudo-
temporal evaluation was conducted independently for 
each type of cell. The overall lineage progression trajec-
tories were then created using the Monocle2 package in 
the R programming language by categorizing distinct 
cells according to the clusters normal-Crohn’s disease, 
pseudotime, and classification (Fig.  4A). Cells under-
went three distinct states with a subsequent trajectories 
progress: the pre-branch (the start of branching) and two 
more branches (Fig. 4A). B cell and T cell were appeared 
primarily into the beginning of the trajectory. Neutro-
phils and NK cells were most common around the final 

point of trajectory branch 1, while a greater proportion of 
tissue stem cells and astrocytes were found near the end 
of trajectory branch 2 (Fig.  4A). Our findings indicates 
that the cells responsible for inflammation to spread 
may be B cells, T cells, neutrophils, NK cells and tissue 
stem cells. The T cell subcategories including: CD8+ 
naïve T cells, gamma-delta T cells and CD4+ T cells 
are mostly seen during the first phase of the develop-
ment (Fig. 4B). In Crohn’s disease, it was found that the 
CD8+ central memory T cells, CD4+ effector memory T 
cells, and CD8+ naïve T cells remained around the end 
of the trajectory branches (Fig. 4B). The B cell subcatego-
ries such as: naïve B cells and immature B cells are mainly 
observed in the initial stage of the progression (Fig. 4C). 
The memory B cells and plasma B cells cell were dis-
covered near the final stage of trajectories branches 2 
(Fig. 4C). According to our studies, plasma B cells, mem-
ory B cells, immature B cells, CD8+ central memory T 
cells, CD4+ effector memory T cells and CD8+ naïve T 
cells might be the cells causing inflammatory processes 
to develop in Crohn’s disease. In order to construct the 
tree-like structure of the complete lineage development 
for the normal-ulcerative colitis category, each cell was 
classified according to its class, pseudotime and normal-
ulcerative colitis cluster (Fig. 4D). The cells with follow-
ing trajectory development went through three different 
states: the pre-branch (beginning of branching) and two 
additional branches (Fig. 4D). Mostly at the initial point 
of the trajectory, B and T cells were detected. Neutro-
phils, B cell and macrophage cells were most common 
around the final stage of trajectory branch, while a biggest 
abundance of epithelial cell and hepatocytes were identi-
fied around the final stage of trajectory branch (Fig. 4D). 
According to our study findings, B cells, T cells, neutro-
phils, epithelial cells and hepatocytes can represent the 
cells which lead inflammation to propagate. In ulcerative 
colitis, the T cell subtypes such as CD4+ effector mem-
ory T cells and CD8+ central memory T cells is primar-
ily observed in the initial stage of differentiation (Fig. 4E). 
The gamma-delta T cells and CD8+ naïve T cells were 
discovered to have maintained during the final stage 
of the trajectory branches (Fig. 4E). The B cell subtypes 
including: plasma B cells and memory B cells are mainly 
detected in the first stage of the trajectories (Fig. 4F). The 
immature B cells and memory B cells were identified near 
the final point of trajectories branches (Fig. 4F). Based on 
our research, immature B cells, memory B cells, plasma 
B cells, CD4+ effector memory T cells, CD8+ central 
memory T cells, and CD8+ naïve T cells may be the cells 
responsible for the development of inflammatory pro-
cesses in ulcerative colitis.
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Immune cell network interactions highlight key 
inflammatory pathways in Crohn’s disease and ulcerative 
colitis
Cellchat assessment showed that the tissue stem cells, 
astrocytes and endothelial cells in the normal-Crohn’s 
disease group had highest signal output capabilities 
(Fig.  5A). Furthermore, the strongest incoming and 

outgoing signals were detected by tissue stem cells, 
monocytes and endothelial cells (Fig. 5B). The analysis of 
cell-cell communication across eight major signaling 
pathways such as: COLLAGEN, LAMININ, APP, CypA, 
CD99, GALECTIN, VISFATIN and MIF reveals specific 
dominant interactions that define the intercellular land-
scape within the tissue microenvironment (Fig.  5C). In 

Fig. 4  Pseudotime trajectory analysis reveals lineage progression and inflammatory cell dynamics in Crohn’s disease and ulcerative colitis. (A) Monocle2-
derived pseudotime trajectory of integrated Crohn’s disease and normal samples, colored by major cell type. Cells progress through a pre-branch state 
followed by bifurcation into two distinct branches. B cells and T cells dominate the root (early pseudotime), neutrophils and NK cells enrich branch 1 
terminal fate, whereas tissue stem cells and astrocytes predominate branch 2 terminal fate. (B-C) Distribution of B and T cell subpopulations along Crohn’s 
disease pseudotime. Naïve and immature B cells together with CD8+ naïve, gamma-delta, and CD4+ T cells localize to early pseudotime, whereas mem-
ory and plasma B cells, CD8+ central memory, and CD4+ effector memory T cells occupy late pseudotime, suggesting their potential roles in sustaining 
chronic inflammation in Crohn’s disease. (D) Pseudotime trajectory of integrated ulcerative colitis (UC) and normal samples, colored by major cell type. B 
and T cells initiate the trajectory at the root; neutrophils, additional B cells, and macrophages accumulate at the end of one branch, while epithelial cells 
and hepatocytes dominate the terminal fate of the second branch. (E-F) Distribution of B and T cell subpopulations along UC pseudotime. Plasma and 
memory B cells, CD4+ effector memory, and CD8+ central memory T cells appear early, whereas immature B cells, naïve CD8+, and gamma-delta T cells 
localize to late pseudotime, highlighting distinct differentiation programs driving inflammation in ulcerative colitis compared to Crohn’s disease
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the COLLAGEN signaling network, tissue stem cells 
acted as major signal senders, establishing strong interac-
tions with neutrophils, monocytes, NK cells, and T cells 
(Fig.  5C). This suggests that tissue stem cells might use 
collagen-mediated signaling pathways to coordinate the 

recruitment and modification of immune cells. Within 
the LAMININ signaling network, tissue stem cells simi-
larly played a central role, exhibiting strong outgoing sig-
nals toward endothelial cells, neutrophils, and monocytes 
(Fig.  5C). Through laminin-associated pathways, these 

Fig. 5  Cell-cell communication networks inferred by Cell Chat in Crohn’s disease and ulcerative colitis compared to normal intestinal tissue. (A) Overall 
cell-cell communication network in the normal-Crohn’s disease group showing interaction number (left) and interaction strength (right). (B) Incoming 
and outgoing signaling strength per cell type in the normal-Crohn’s disease group, with tissue stem cells, astrocytes, monocytes, and endothelial cells 
emerging as the most active communication hubs. (C) Major signaling pathways in the normal-Crohn’s disease group. Tissue stem cells serve as the 
dominant signal senders in the COLLAGEN, LAMININ, and CD99 pathways, primarily directing strong outgoing signals toward neutrophils, monocytes, 
NK cells, T cells, endothelial cells, and astrocytes. Monocytes act as central senders in the GALECTIN and VISFATIN pathways, targeting a broad range of 
immune populations including neutrophils, NK cells, T cells, and B cells. Endothelial cells predominantly drive the APP pathway toward monocytes and 
macrophages. The MIF pathway exhibits complex, multidirectional interactions that integrate B cells, T cells, monocytes, and endothelial cells. (D) Overall 
cell-cell communication network in the normal-ulcerative colitis group showing interaction number (left) and interaction strength (right). (E) Incoming 
and outgoing signaling strength per cell type in the normal-ulcerative colitis group, with tissue stem cells and endothelial cells displaying the highest 
overall signaling activity. (F) Major signaling pathways in the normal-ulcerative colitis group. Tissue stem cells again function as the primary signal send-
ers in the COLLAGEN, LAMININ, and CD99 pathways, directing strong signals to neutrophils, macrophages, T cells, and endothelial cells. Macrophages 
dominate the GALECTIN pathway toward neutrophils, NK cells, and T cells. NK cells and endothelial cells are the main contributors to the CypA pathway, 
targeting tissue stem cells and epithelial cells. Endothelial cells serve as the principal receivers in the THBS and IGFBP pathways, receiving strong incoming 
signals from macrophages, B cells, and tissue stem cells
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connections suggest that tissue stem cells may play a role 
in vascular remodeling and innate immune responses. 
The APP signaling network was characterized by promi-
nent signaling from endothelial cells toward monocytes, 
macrophages, and even autocrine signaling among endo-
thelial cells themselves (Fig.  5C). Using APP-mediated 
interaction, this connection suggests that endothelial 
cells play a crucial role in establishing inflammation and 
regenerative processes. In the CypA signaling network, 
monocytes emerged as primary signal initiators, commu-
nicating strongly with epithelial cells, tissue stem cells, 
and endothelial cells (Fig. 5C). Because of this extensive 
signaling, monocytes may use CypA-driven pathways to 
control the tissue environment’s immunological and 
structural elements. Tissue stem cells exhibited robust 
outgoing interaction toward monocytes, endothelial 
cells, NK cells, and astrocytes within the CD99 signaling 
network, underscoring their diverse function in regulat-
ing the vascular and immunological components of the 
environment (Fig.  5C). Furthermore, T cells acted as 
active indicators, exhibiting strong interactions with 
monocytes, endothelial cells, and tissue stem cells 
(Fig. 5C). This suggests that T cells dynamically regulate 
the stromal and immunological compartments through 
CD99 signaling. The GALECTIN signaling network was 
dominated by monocytes, which engaged in potent com-
munication with neutrophils, NK cells, T cells, and B 
cells (Fig.  5C). This comprehensive pattern of interac-
tions suggests that monocytes play a crucial part in regu-
lating both innate and adaptive immune responses via 
galectin-mediated pathways. In the VISFATIN signaling 
network, both monocytes and neutrophils acted as major 
communicators (Fig. 5C). Monocytes primarily targeted 
endothelial cells and tissue stem cells, while neutrophils 
exhibited strong signaling toward endothelial cells, tissue 
stem cells, and monocytes (Fig. 5C). These findings sug-
gest that VISFATIN signaling may serve as a bridge link-
ing innate immune activation with stromal and vascular 
remodeling. The MIF signaling network revealed com-
plex and multi-directional communication patterns. B 
cells showed strong interactions with monocytes and T 
cells, whereas T cells primarily targeted monocytes 
(Fig.  5C). Moreover, endothelial cells were involved in 
significant signaling toward monocytes, T cells, and B 
cells, underscoring the integration of vascular and 
immune responses via MIF-driven pathways (Fig.  5C). 
The MIF and CD99 signaling networks in the B cell sub-
population demonstrated robust connections between 
immature B cells and plasma B cells (Supplementary Fig-
ure S5A). Within the T cell subpopulation, the MHC-I 
signaling network was dominated by strong communica-
tion from CD8+ central memory T cells to multiple T cell 
subsets, including CD4+ central memory T cells, 
CD4+ effector memory T cells, CD8+ naïve T cells, and 

gamma-delta T cells (Supplementary Figure S5B). This 
pattern indicates that CD8+ central memory T cells may 
exert widespread immunomodulatory influence across 
diverse T cell populations via antigen presentation path-
ways. In the MIF signaling network, CD8+ naïve T cells 
demonstrated significant outgoing communication 
toward gamma-delta T cells and CD4+ central memory T 
cells, suggesting a role for CD8+ naïve T cells in modulat-
ing adaptive and innate-like T cell responses through 
inflammatory signaling (Supplementary Figure S5B). 
Additionally, the CD45 signaling network revealed robust 
interactions initiated by CD8+ naïve T cells, targeting 
CD8+ central memory T cells, CD4+ central memory T 
cells and CD4+ effector memory T cells (Supplementary 
Figure S5B). In the normal-ulcerative colitis group, cell-
chat evaluation indicated that tissue stem cell and endo-
thelial cell shown the strongest signals output capability 
(Fig. 5D). Furthermore, the strongest incoming and out-
going signals were collected by tissue stem cells and 
endothelial cells (Fig. 5E). COLLAGEN, LAMININ, APP, 
CypA, CD99, GALECTIN, THBS, and IGFBP are among 
the eight key signaling pathways that are analyzed in cell-
cell communication. These interactions shape the inter-
cellular landscape within the tissue microenvironment 
(Fig.  5F). In the COLLAGEN signaling network, tissue 
stem cells acted as major signal initiators, exhibiting 
strong communication toward neutrophils, macro-
phages, and T cells (Fig. 5F). Within the LAMININ sig-
naling network, tissue stem cells continued to serve as 
central communicators, sending strong signals to endo-
thelial cells, neutrophils, macrophages, and T cells, fur-
ther emphasizing their involvement in vascular support 
and immune regulation via laminin-associated pathways 
(Fig. 5F). Communication from endothelial cells to mac-
rophages and NK cells was the predominant characteris-
tic of the APP signaling network, suggesting that 
endothelial cells play a part in regulating innate immune 
responses and preserving tissue integrity via APP-driven 
processes (Fig.  5F). NK cells established important sig-
nalers in the CypA signaling network, exhibiting substan-
tial interactions with endothelial, tissue stem, and 
epithelial cells. Furthermore, endothelial cells demon-
strated strong outgoing interactions with tissue stem cells 
and epithelial cells, underscoring the wide-ranging con-
trolling effect of CypA signaling on both immunological 
and structural components (Fig. 5F). The CD99 signaling 
network revealed tissue stem cells as dominant commu-
nicators, targeting endothelial cells, T cells, macrophages, 
and neutrophils (Fig. 5F). Effective interactions between 
macrophages and T cells, neutrophils, and NK cells were 
observed in the GALECTIN signaling network, indicat-
ing that macrophages participate a key role in coordinat-
ing both innate and adaptive immune responses via 
galectin-driven processes (Fig. 5F). Conversely, the THBS 
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Fig. 6 (See legend on next page.)
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signaling network displayed a connection pattern, tissue 
stem cells received strong incoming signals from endo-
thelial cells, B cells, and macrophages (Fig. 5F). Accord-
ing to this, endothelial cells primarily participated as 
signal receivers in the IGFBP signaling network, with sig-
nificant contributions from macrophages and tissue stem 
cells. This suggests that IGFBP signaling may be essential 
for regulating the activity of endothelial cells and vascular 
homeostasis (Fig.  5F). In the B cell subpopulation, the 
MIF and CD99 signaling networks revealed strong out-
going interactions from memory B cells to naïve B cells, 
indicating a possible role of memory B cells in regulating 
the maturation or activation of naïve B cells through 
inflammatory and adhesion-related pathways (Supple-
mentary Figure S6A). Additionally, within the CypA sig-
naling network, plasma B cells exhibited significant 
communication directed toward naïve B cells, suggesting 
a potential mechanism by which differentiated plasma B 
cells modulate early B cell responses (Supplementary Fig-
ure S6A). In the T cell compartment, the MHC-I signal-
ing pathway demonstrated strong communication from 
gamma-delta T cells toward both CD8+ central memory 
T cells and CD4+ effector memory T cells, indicating a 
role for gamma-delta T cells in shaping memory T cell 
populations through antigen presentation mechanisms 
(Supplementary Figure S6B). Similarly, in the MIF signal-
ing network, gamma-delta T cells maintained prominent 
outgoing interactions with CD4+ effector memory T 
cells, further emphasizing their influence in regulating 
effector T cell functions during immune responses (Sup-
plementary Figure S6B). The CypA signaling network 
highlighted CD8+ central memory T cells as major sig-
nalers toward gamma-delta T cells, indicating interac-
tions between innate-like gamma-delta T cells and 
conventional memory T cells (Supplementary Figure 
S6B). Meanwhile, the CLEC signaling pathway showed 
strong communication initiated by CD4+ effector mem-
ory T cells toward gamma-delta T cells, underscoring the 
complex cross-talk between adaptive and innate T cell 
subsets mediated through CLEC-related pathways (Sup-
plementary Figure S6B). Additionally, in the CD99 

signaling network, gamma-delta T cells again conduct as 
main communicators, targeting CD4+ effector memory T 
cells, highlighting their role in regulating T cell migration 
and immune activation via adhesion molecules (Supple-
mentary Figure S6B).

Tissue specific gene intersections in Crohn’s disease and 
ulcerative colitis transcriptomics
The intersection analysis of differentially expressed genes 
between bulk RNA-seq and single-cell RNA-seq across 
various intestinal tissues in Crohn’s disease (CD) and 
ulcerative colitis (UC) identified. CEACAM5 was iden-
tified as a common gene across all tissues and compari-
sons. In the colon, NUAK1 and CENPE were specific to 
the normal vs. Crohn’s disease group, while LGALS1 and 
PDGFRA were identified for the normal vs. ulcerative 
colitis group. In the ileum, CHI3L1, CALCRL, and SER-
PINE1 were specific to the normal vs. Crohn’s disease 
group. For the ascending colon, ABL2 was identified in 
the normal vs. Crohn’s disease group, and MMP12 in the 
normal vs. ulcerative colitis group. In the sigmoid colon, 
MAPK10 was specific to the normal vs. Crohn’s disease 
group, and PDGFRA to the normal vs. ulcerative coli-
tis group. In the terminal ileum, ADAMTS4 and MMP3 
were identified for the normal vs. Crohn’s disease group, 
and NAMPT for the normal vs. ulcerative colitis group 
(Supplementary Figure S7). The total number of bio-
markers identified in bulk RNA seq and single cell RNA-
seq analyses is provided in the Supplementary Table S12.

Single cell expression and pseudotime trajectories uncover 
distinct molecular signatures in Crohn’s disease
In the Crohn’s disease (CD) group, UMAP visualiza-
tion revealed distinct cell type specific expression pat-
terns. CEACAM5 and NUAK1 were mainly expressed 
in epithelial and endothelial cells, respectively. CENPE 
expression was concentrated within epithelial cell clus-
ters, while CHI3L1, SERPINE1, ABL2, MAPK10, and 
MMP3 were predominantly expressed in tissue stem 
cells. CALCRL and ADAMTS4 showed higher expres-
sion in endothelial cells, consistent with their endothelial 

(See figure on previous page.)
Fig. 6  Cell type specific expression and translational relevance of Crohn’s disease-associated marker genes. (A) UMAP projections showing expression 
patterns of key marker genes in the integrated Crohn’s disease dataset. CEACAM5 and CENPE are predominantly expressed in epithelial cells; NUAK1, 
CHI3L1, SERPINE1, ABL2, MAPK10, and MMP3 are enriched in tissue stem cells; CALCRL and ADAMTS4 are mainly detected in endothelial cells. (B) Pseu-
dotime-dependent expression dynamics of marker genes along differentiation trajectories in Crohn’s disease. CEACAM5 and NUAK1 increase toward 
later stages in epithelial and endothelial lineages; CENPE increased in pseudotime trajectories in epithelial cells; CHI3L1, SERPINE1, ABL2, and MMP3 
gradually decrease in tissue stem cells; CALCRL and ADAMTS4 progressively rise in endothelial cells, whereas MAPK10 shows a transient mid-trajectory 
increase in tissue stem cells. (C) Diagnostic performance of the identified marker genes in colorectal cancer using TCGA-COAD and TCGA-READ datasets. 
ROC analysis reveals strong discriminatory power for ileum-associated genes (CHI3L1, SERPINE1, CALCRL, MMP3) and sigmoid colon-derived MAPK10, 
with moderate performance for CENPE, CEACAM5, NUAK1, and ADAMTS4 (p < 0.05). (D) Kaplan-Meier overall survival analysis (TCGA-COAD and TCGA-
READ) showing no significant prognostic association for any of the Crohn’s disease-related marker genes (NUAK1, CENPE, CEACAM5, CHI3L1, CALCRL, 
SERPINE1, ABL2, MAPK10, ADAMTS4, MMP3). (E) Differential expression of the marker genes in tumor compared to normal samples from TCGA-COAD 
and TCGA-READ. Most genes (CENPE, NUAK1, CALCRL, ADAMTS4, CHI3L1, SERPINE1, ABL2, MMP3) are significantly upregulated in tumor tissue; MAPK10 
shows upregulation in colon adenocarcinoma but downregulation in rectal adenocarcinoma, whereas CEACAM5 expression remains largely unchanged 
in colon adenocarcinoma
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association (Fig. 6A). In Crohn’s disease group, the pseu-
dotime trajectories showed an increase in CEACAM5 
and NUAK1 expression in epithelial cells and endothelial 
cells and suggesting a possible activity during the latter 
phases of cellular development. The flexible distribution 
of CENPE expression in epithelial cells, which peaked 
in the middle stage of the pseudotime trajectories and 
then decreased suggests that it plays a role in the middle 
phases of epithelial cell proliferation. CHI3L1 expres-
sion in tissue stem cells decreased along the pseudotime 
trajectory, indicating a potential downregulation during 
stem cell differentiation. During the pseudotime trajec-
tory, CALCRL expression in endothelial cells developed 
continuously, indicating that it was more active in later 
phases of endothelial cell development. According to the 
pseudotime progression, SERPINE1 expression in tis-
sue stem cells amounted at a transition point and then 
started to reduction, suggesting a temporary involvement 
underlying stem cell transformation. ABL2 expression in 
tissue stem cells decreased along the pseudotime trajec-
tory, suggesting a reduction in activity as stem cells prog-
ress. MAPK10 expression in tissue stem cells showed a 
slight increase in the middle of the pseudotime trajectory 
before stabilizing, indicating a potential role in mid-stage 
stem cell differentiation. ADAMTS4 expression in endo-
thelial cells increased along the pseudotime trajectory, 
suggesting its involvement in final point of endothelial 
cell development. MMP3 expression in tissue stem cells 
decreased along the pseudotime trajectory, indicating a 
potential downregulation during stem cell development 
(Fig.  6B). ROC curve analysis was performed to evalu-
ate the diagnostic potential of Crohn’s disease-associ-
ated biomarkers in colon and rectal adenocarcinoma 
tissues using TCGA-COAD and TCGA-READ datas-
ets. The results revealed varying discriminatory power 
among different gene candidates depending on their 
intestinal localization. In colon-derived tissues, NUAK1 
(colon tissue) exhibited a moderate diagnostic abil-
ity (AUC = 0.6129, 95% CI = 0.5557-0.6701, p = 0.0164), 
while CENPE (colon tissue) and CEACAM5 showed 
higher discrimination values (AUC = 0.6994 and 0.7031, 
respectively; p < 0.0001). Genes associated with ileal tis-
sues, including CHI3L1, CALCRL, and SERPINE1, dem-
onstrated robust diagnostic accuracy in COAD, with 
AUC values of 0.8575, 0.7385, and 0.7791, respectively 
(p < 0.0001). Similarly, in rectal cancer (READ), CHI3L1 
(AUC = 0.8928, p < 0.0001) and CALCRL (AUC = 0.7856, 
p = 0.0024) retained strong diagnostic value. Among 
markers originating from the ascending colon, ABL2 
showed poor discrimination (COAD AUC = 0.5117, 
p = 0.8043). Conversely, MAPK10, linked to sigmoid 
colon tissue, exhibited exceptional accuracy in distin-
guishing tumor from normal samples, with AUC val-
ues of 0.9538 (COAD) and 0.9754 (READ), both highly 

significant (p < 0.0001). In addition, ADAMTS4 and 
MMP3, derived from terminal ileum, showed consid-
erable diagnostic performance (COAD AUC = 0.6995 
and 0.9120, respectively; p < 0.0001). MMP3 also dem-
onstrated strong accuracy in READ (AUC = 0.9257, 
p < 0.0001). Overall, the analysis suggested that ileum-
associated markers (CHI3L1, CALCRL, SERPINE1, and 
MMP3) and MAPK10 from sigmoid colon possess high 
sensitivity and specificity for differentiating tumor and 
normal samples in both colon and rectal cancers, empha-
sizing their potential diagnostic relevance in Crohn’s 
disease-related molecular patterns (Fig.  6C). Accord-
ing to the survival analysis based on the TCGA-COAD 
and TCGA-READ datasets, high expression of NUAK1, 
CENPE, and CEACAM5 was not considerably related to 
reduced survival rates of patients with colon and rectal 
adenocarcinomas. Similarly, elevated expression levels 
of CHI3L1, CALCRL, and SERPINE1, which are associ-
ated with ileum tissues, showed no significant correla-
tion with patients’ overall survival. Expression of ABL2 
from ascending colon tissue also did not reveal a mean-
ingful relationship with survival outcomes. Furthermore, 
high expression of MAPK10, ADAMTS4, and MMP3 
did not show any considerable association with overall 
survival in either colon or rectal cancer cases (Fig.  6D). 
Overall, these findings suggest that none of the Crohn’s 
disease-related biomarkers exhibited a statistically sig-
nificant relationship with patient prognosis in colon or 
rectal adenocarcinomas. We analyzed the expression 
of Crohn’s disease-related genes in tumor samples from 
TCGA-COAD and TCGA-READ datasets. Overall, most 
of these genes, including CENPE, NUAK1, CALCRL, 
ADAMTS4, CHI3L1, SERPINE1, ABL2, and MMP3, 
showed higher expression in tumor tissues compared to 
normal controls. Interestingly, MAPK10 displayed dif-
ferent patterns in different tissues, being upregulated in 
colon adenocarcinoma but downregulated in rectal ade-
nocarcinoma, while CEACAM5 showed little change in 
colon adenocarcinoma (Fig.  6E). These results highlight 
tissue specific variations in the expression of Crohn’s dis-
ease-associated genes in tumors.

Single cell expression and pseudotime trajectories 
highlight distinct molecular signatures in ulcerative colitis
In the ulcerative colitis (UC) group, CEACAM5 and 
LGALS1 were enriched in both epithelial cells and tis-
sue stem cells. PTPRB expression was mainly localized 
in endothelial cells, whereas MMP12 and NAMPT were 
highly expressed in macrophages. PDGFRA expres-
sion was confined to tissue stem cell clusters. Together, 
these UMAP patterns highlight distinct gene expres-
sion profiles across epithelial, endothelial, stem, and 
immune cell populations in Crohn’s disease and ulcer-
ative colitis (Fig.  7A). In the ulcerative colitis group, 
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throughout the pseudotime trajectory, CEACAM5 and 
LGALS1 expression in epithelial cells and tissue stem 
cells increased and amounted near the end, indicating a 
potential involvement in later phases of stem cell devel-
opment. During the pseudotime trajectory, MMP12 
expression in macrophages elevated indicating that it 

was active in later phases of macrophage development. 
In macrophages, NAMPT expression appeared accord-
ing to the pseudotime trajectory and amounted at the 
final stage, suggesting a possible function in the latter 
phases of macrophage maturation. PDGFRA expres-
sion in tissue stem cells increased along the pseudotime 

Fig. 7  Cell type specific expression and translational relevance of ulcerative colitis-associated marker genes. (A) UMAP projections showing expression 
patterns of key marker genes in the integrated ulcerative colitis dataset. CEACAM5 and LGALS1 are enriched in both epithelial cells and tissue stem cells; 
PTPRB is predominantly expressed in endothelial cells; MMP12 and NAMPT are highly expressed in macrophages; PDGFRA is largely confined to tissue 
stem cell clusters. (B) Pseudotime-dependent expression dynamics along differentiation trajectories in ulcerative colitis. CEACAM5 and LGALS1 progres-
sively increase toward late pseudotime in epithelial and tissue stem cell lineages; PDGFRA shows strong upregulation at terminal stages of tissue stem 
cell differentiation; MMP12 and NAMPT rise steadily in macrophages, peaking at the end of the trajectory, indicating roles in late-stage macrophage 
maturation. (C) Diagnostic performance of the identified marker genes in colorectal cancer (TCGA-COAD and TCGA-READ). ROC analysis demonstrates 
excellent discriminatory power for PDGFRA, moderate to good performance for LGALS1 and MMP12, while NAMPT shows no significant diagnostic value. 
(D) Kaplan-Meier overall survival analysis revealing no statistically significant prognostic association for any of the ulcerative colitis related marker genes 
(LGALS1, PDGFRA, MMP12, NAMPT, CEACAM5). (E) Differential expression of the marker genes in tumor compared to normal samples from TCGA-COAD 
and TCGA-READ. MMP12 and NAMPT are significantly upregulated in tumor tissue; PDGFRA is upregulated in colon adenocarcinoma only; LGALS1 and 
CEACAM5 show higher expression selectively in rectal adenocarcinoma, highlighting tissue-specific expression patterns in colorectal cancer
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Fig. 8 (See legend on next page.)
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trajectory and suggesting its involvement in the later 
stages of stem cell differentiation (Fig.  7B). Similarly, 
ROC curve analysis of ulcerative colitis-related biomark-
ers using TCGA-COAD and TCGA-READ data revealed 
that several genes have promising diagnostic utility. 
For colon-derived markers, LGALS1 showed moder-
ate discrimination power in COAD (AUC = 0.6632, 95% 
CI = 0.5942-0.7321, p = 0.0005) and slightly higher per-
formance in READ (AUC = 0.7479, p = 0.0085). PDG-
FRA exhibited excellent diagnostic accuracy in both 
datasets (COAD AUC = 0.8922; READ AUC = 0.9087; 
both p < 0.0001), suggesting its potential as a reliable bio-
marker in UC-associated colorectal neoplasia. Among 
ascending colon-associated genes, MMP12 demonstrated 
fair accuracy (COAD AUC = 0.6797, p = 0.0001), while 
its performance in READ was moderate (AUC = 0.6713, 
p = 0.0692). However, NAMPT, derived from termi-
nal ileum tissue, did not exhibit significant diagnos-
tic capability (COAD AUC = 0.5307, p = 0.5146; READ 
AUC = 0.5359, p = 0.7030) (Fig.  7C). Collectively, these 
findings indicate that PDGFRA and LGALS1 are the 
most promising UC-associated biomarkers for distin-
guishing colorectal cancer samples from normal tissues, 
particularly within the TCGA-COAD and TCGA-READ 
datasets. Survival investigation demonstrated that high 
expression of LGALS1 was not considerably related to 
reduced survival rates of individuals with colon and rec-
tal adenocarcinomas, although a slight decreasing trend 
in survival was observed in colon cancer cases. Similarly, 
expression levels of PDGFRA, MMP12, and NAMPT 
showed no significant relationship with overall survival in 
either TCGA-COAD or TCGA-READ datasets (Fig. 7D). 
Altogether, these results indicate that ulcerative colitis-
associated biomarkers were not significantly correlated 
with survival outcomes in colon and rectal cancers. We 
analyzed the expression of ulcerative colitis-related genes 

in tumor samples from TCGA-COAD and TCGA-READ 
datasets. MMP12 and NAMPT showed higher expres-
sion in tumor tissues compared to normal controls. 
PDGFRA was upregulated in colon adenocarcinoma 
but showed no change in rectal adenocarcinoma, while 
LGALS1 displayed little change in colon adenocarci-
noma but higher expression in rectal adenocarcinoma. 
CEACAM5 showed minimal change in colon adenocar-
cinoma but higher expression in rectal adenocarcinoma 
(Fig. 7E). These results indicate tissue specific differences 
in the expression of these ulcerative colitis-associated 
genes in tumors.

Integrative spatial transcriptomics and deconvolution to 
uncover cellular heterogeneity
We performed spatial transcriptomics analysis using 10x 
Genomics datasets on three tissue samples from patients 
with colorectal cancer such as: Human Intestine Cancer 
(FPPE) tissue, Human Colorectal Cancer tissue (Whole 
Transcriptome Tissue), Human Colorectal Cancer 
(11 mm Capture Area (FFPE)) to evaluate the composi-
tion of immune cell types, B cell and T cell subtypes in 
Crohn’s disease and ulcerative colitis.

Spatial profiling of Crohn’s disease associated immune 
cells within colorectal cancer regions
In the Human Intestine Cancer (FPPE) tissue, epithelial 
cells, monocytes, T cells, neutrophils and B cells dem-
onstrated high abundance and predominantly localized 
within the central regions of the intestinal cancer tis-
sue. In the tumor microenvironment, this significant 
elevation in the tissue center indicates being conducted 
immunological and epithelial activation (Fig.  8A). Sig-
nificantly abundant cells, such as DCs, endothelial cells, 
macrophages, NK cells and tissue stem cells, were mostly 
found in the central and upper right regions, suggesting 

(See figure on previous page.)
Fig. 8  Spatial transcriptomic analysis of human colorectal and intestinal cancer tissues (FFPE) showing compartmentalized distribution of immune and 
stromal cell populations together with expression patterns of Crohn’s disease associated marker genes. In human intestinal cancer (FFPE) tissue, (A) epi-
thelial cells, monocytes, T cells, neutrophils, and B cells are the most abundant populations and predominantly concentrated in the central region, while 
DCs, endothelial cells, macrophages, NK cells, and tissue stem cells accumulate in the central and upper right areas; astrocytes remain rare and sparsely 
localized to the upper right zone. (B) Among T cell subsets, CD8+ central memory and CD4+ effector memory T cells dominate the central and upper left 
regions, whereas gamma-delta T cells are present at low levels and restricted to the upper left area and B cell subpopulations show strong enrichment 
of plasma B cells in the upper right region and memory B cells in the upper left region. (C) Key marker genes CEACAM5, NUAK1, CALCRL, SERPINE1, and 
ADAMTS4 exhibit broad and high expression; ABL2 and MAPK10 display moderate expression in central and upper left zones; CENPE, CHI3L1, and MMP3 
are expressed at low levels or regionally restricted. In human colorectal cancer whole transcriptome FFPE tissue, (D) B cells, dendritic cells, endothelial 
cells, and epithelial cells are highly abundant and tightly clustered in the central region, followed by tissue stem cells, T cells, neutrophils, monocytes, and 
NK cells; macrophages and astrocytes are present only at low abundance. (E) CD8+ central memory T cells are strongly enriched centrally, with other T 
cell subsets showing moderate distribution in central and upper right areas and plasma B cells are highly abundant in the central region, accompanied 
by moderate levels of memory, naïve, and immature B cells. (F) Among marker genes, CEACAM5 shows high central expression; NUAK1, CENPE, CALCRL, 
SERPINE1, and ADAMTS4 are generally low and central; CHI3L1 and ABL2 retain moderate central levels, whereas MAPK10 and MMP3 are very low. In 
human colorectal cancer 11 mm capture area FFPE tissue, (G) epithelial cells, B cells, tissue stem cells, T cells, NK cells, neutrophils, and monocytes are 
highly enriched in the central and upper left regions, while DCs and endothelial cells show moderate upper left localization. (H) CD8+ central memory T 
cells are widely abundant across the tissue, with CD4+ effector memory and CD8+ naïve T cells concentrated in central and upper right zones and plasma 
and memory B cells are highly abundant throughout the tissue, whereas naïve and immature B cells are moderate and restricted to the upper right area. 
(I) Crohn’s disease related markers CEACAM5 and CENPE are uniformly high; NUAK1, SERPINE1, ABL2, and ADAMTS4 show moderate expression mainly in 
left and central areas; CHI3L1 and CALCRL are low and peripheral; MAPK10 and MMP3 are very low and predominantly left sided



Page 25 of 39Hosseini et al. Journal of Translational Medicine          (2026) 24:591 

that these spots could function as concentrates for 
immune activation. In contrast, astrocytes displayed a 
low abundance and were sparsely localized to the upper 
right regions of intestinal cancer tissue (Fig. 8A). Regard-
ing T cell subtypes, CD8+ central memory T cells and 
CD4+ effector memory T cells were highly abundant and 
especially concentrated in the central and upper left parts 
of the intestinal cancer tissue. CD4+ central memory T 
cells, CD8+ naïve T cells and CD4+ T cells were mod-
erately abundant and mainly distributed in the upper 
right and upper left regions. Gamma-delta T cells were 
present at low abundance and primarily localized to the 
upper left regions (Fig.  8B). Further analysis of B cell 
subtypes demonstrated that plasma B cells were highly 
enriched in the upper right regions, whereas memory B 
cells predominantly localized to the upper left regions. 
Immature B cells showed moderate abundance within 
the upper left areas, while naïve B cells were detected at 
low levels in the same regions (Fig. 8B). Human Intestine 
Cancer (FPPE) tissue demonstrated a marked upregula-
tion of several genes. CEACAM5, NUAK1, CALCRL, 
SERPINE1 and ADAMTS4 showed high expression lev-
els across broad regions of the tissue (Fig. 8C). ABL2 and 
MAPK10 showed moderate expression in central and 
upper left areas, while CENPE displayed reduced expres-
sion and limited to central regions of tissue (Fig.  8C). 
CHI3L1 and MMP3 indicated very low expression in the 
central regions of tissue (Fig. 8C). In the Human Colorec-
tal Cancer tissue (Whole Transcriptome Tissue), B cells, 
dendritic cells (DCs), endothelial cells and epithelial cells 
demonstrated high abundance and all primarily concen-
trated within the central regions of colorectal cancer tis-
sue (Fig. 8D). Cells with significant proportions included: 
tissue stem cells, T cells, neutrophils, monocytes and NK 
cells, similarly localized within the central regions. Con-
versely, astrocytes and macrophages were present at low 
abundance, also within the central of colorectal cancer 
tissue (Fig.  8D). Regarding T cell subtypes, CD8+ cen-
tral memory T cells were highly enriched in the central 
regions of colorectal cancer tissue (Fig. 8E). CD4+ central 
memory T cells, CD4+ effector memory T cells, CD8+ 
naïve T cells and CD4+ T cells demonstrated moderate 
abundance and concentrated predominantly in the cen-
tral and partially upper right regions of colorectal cancer 
tissue (Fig.  8E). Gamma-delta T cells were detected at 
low abundance and localized within the central regions 
of colorectal cancer tissue (Fig.  8E). Analysis of B cell 
subtypes revealed a high abundance of plasma B cells 
in central of colorectal cancer tissue, while memory B 
cells exhibited moderate abundance across both the 
central and upper left regions. Naïve B cells and imma-
ture B cells were significantly proportion and primarily 
distributed within the central regions (Fig.  8E). In the 
Human Colorectal Cancer tissue (Whole Transcriptome 

Tissue), overall gene expression levels were compara-
tively lower. CEACAM5 gene demonstrated high expres-
sion and enriched to the central regions (Fig. 8F). Most 
genes including NUAK1, CENPE, CALCRL, SERPINE1, 
and ADAMTS4 demonstrated low expression and local-
ized to central regions (Fig.  8F). CHI3L1 and ABL2 
maintained significant expression in central of the tissue 
(Fig. 8F). MAPK10 and MMP3 showed very low expres-
sion and enriched in the central of the tissue (Fig.  8F). 
In the Human Colorectal Cancer (11 mm Capture Area 
(FFPE)), epithelial cells, B cells, tissue stem cells, T cells, 
NK cells, neutrophils and monocytes were present at 
high abundance and predominantly enriched in the cen-
tral and upper left regions of the tissue (Fig. 8G). A mod-
erate abundance was observed for dendritic cells (DCs) 
and endothelial cells (both enriched in the upper left 
region), as well as macrophages and astrocytes located 
within the central and upper left region, respectively 
(Fig.  8G). Regarding T cell subtypes, the analysis dem-
onstrated high levels of CD8+ central memory T cells 
across the tissue (Fig.  8H). Additionally, CD4+ T cells, 
CD4+ effector memory T cells and CD8+ naïve T cells 
showed enriched presence in the central and upper right 
regions (Fig. 8H). Gamma-delta T cells and CD4+ central 
memory T cells were detected at moderate abundance 
and primarily localized in the upper left regions (Fig. 8H). 
Within the B cell subpopulations, both plasma B cells and 
memory B cells exhibited high abundance throughout 
the tissue (Fig.  8H). Immature B cells and naïve B cells 
were found at moderate levels, with a specific spatial 
restriction to the upper right region (Fig.  8H). For spa-
tial genes expression related to the Crohn’s disease group 
in the Human Colorectal Cancer (11  mm Capture Area 
(FFPE)), CEACAM5 and CENPE showed high expression 
uniformly across the tissue. NUAK1, SERPINE1, ABL2 
and ADAMTS4 demonstrated moderate expression and 
localization primarily in the left and central regions of 
the tissue (Fig. 8I). CHI3L1 and CALCRL exhibited low 
expression and particularly confined to the left and right 
at the bottom of the tissue (Fig.  8I). Notably, MAPK10 
and MMP3 showed very low expression and enriched in 
left regions of the tissue (Fig. 8I).

Spatial profiling of ulcerative colitis associated immune 
cells within colorectal cancer regions
In the Human Intestine Cancer (FPPE) tissue, B cells 
and epithelial cells exhibited high abundance and pre-
dominantly distributed across the central and upper 
left regions of the tissue. Additionally, tissue stem cells 
showed significant enrichment within the upper right 
regions (Fig.  9A). Moderate abundance was observed 
for T cells, macrophages, neutrophils, hepatocytes and 
endothelial cells, primarily localized in the upper right 
regions of the tissue (Fig. 9A). NK cells were detected at 
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low abundance and defined to the upper right regions 
(Fig.  9A). For T cell subtypes, CD8+ central memory T 
cells and CD8+ naïve T cells showed high abundance and 
localized respectively to the upper left and upper right 
areas of the intestinal cancer tissue (Fig. 9B). CD4+ effec-
tor memory T cells and gamma-delta T cells exhibited 
moderate abundance (Fig. 9B). Additionally, CD4+ effec-
tor memory T cells were mainly found in the upper right 
region, while gamma-delta T cells were present in the 
upper left (Fig. 9B). Analysis of B cell subtypes revealed 
that plasma B cells were highly abundant and particularly 
enriched in the central and upper right regions of intes-
tinal cancer tissue, while memory B cells, naïve B cells 
and immature B cells exhibited significant abundance 
(Fig.  9B). Memory B cells and naïve B cells were pre-
dominantly localized in the upper right regions, whereas 
immature B cells were more common in the upper left 
regions (Fig. 9B). In the Human Intestine Cancer (FPPE) 
tissue, CEACAM5 and LGALS1 maintained a very 
high expression level across the entire tissue (Fig.  9C). 
NAMPT also showed strong expression throughout 
the tissue (Fig.  9C). PDGFRA were expressed at mod-
erate levels and enriched in the whole tissue (Fig.  9C). 
MMP12 was expressed at very low levels and limited to 
the central region of the tissue (Fig. 9C). In the Human 
Colorectal Cancer tissue (Whole Transcriptome Tissue), 
epithelial cells and B cells demonstrated high abundance 
and predominantly localized in the upper left and upper 
right regions of the colorectal cancer tissue (Fig.  9D). 
Moderate abundance was identified for T cells, tissue 
stem cells, macrophages, endothelial cells, hepatocytes 
and neutrophils and mainly distributed within the cen-
tral regions of the colorectal cancer tissue (Fig. 9D). NK 
cells were detected at low abundance and confined to the 
central regions of colorectal cancer tissue (Fig. 9D). For T 
cell subtypes, CD8+ central memory T cells were highly 
abundant along the left and right sides of the colorectal 
cancer tissue (Fig.  9E). CD4+ effector memory T cells 
and CD8+ naïve T cells showed significant abundance 
within the central regions of the colorectal cancer tissue 
and gamma-delta T cells were detected at low abundance 
across the central and upper regions (Fig. 9E). Additional 
analysis of B cell subtypes showed that plasma B cells 
were highly enriched and distributed across the central 
and upper regions of the colorectal cancer tissue (Fig. 9E). 
Memory B cells also demonstrated high abundance and 
localized predominantly in the upper left and upper right 
regions of the colorectal cancer tissue (Fig.  9E). Naïve 
B cells exhibited moderate abundance within the upper 
left and right regions of the tissue, whereas immature B 
cells were detected at low abundance and mainly in the 
upper right region (Fig.  9E). In the Human Colorectal 
Cancer tissue (Whole Transcriptome Tissue), a general 
decrease in gene expression was detected. CEACAM5 

and LGALS1 remained highly expressed and restricted 
to central regions (Fig.  9F). NAMPT displayed moder-
ate expression throughout the tissue, while PDGFRA, 
PTPRB and MMP12 showed low expression levels in the 
whole tissue (Fig.  9F). In the Human Colorectal Can-
cer (11  mm Capture Area (FFPE)), high-abundance cell 
types included B cells and epithelial cells, localized pri-
marily in the central and upper right regions of the tissue 
(Fig. 9G). Additionally, T cells, tissue stem cells, NK cells 
and macrophages were enriched in the central and upper 
left regions (Fig.  9G). Neutrophils, hepatocytes and 
endothelial cells were found at moderate abundance and 
distributed mainly throughout the central and upper left 
regions (Fig.  9G). Within the T cell subpopulations, the 
most prominent subtypes such as: CD8+ central memory 
T cells, CD4+ effector memory T cells and CD8+ naïve 
T cells were uniformly highly abundant across the tissue 
(Fig. 9H). The gamma-delta T cells were the only T cell 
subtype observed at low abundance and although were 
dispersed throughout the tissue (Fig. 9H). Among the B 
cell subtypes, plasma B cells and memory B cells showed 
high abundance across the entire tissue (Fig. 9H). Naïve 
B cells were observed at moderate levels in the upper left 
region, while immature B cells were detected at low abun-
dance throughout the tissue (Fig.  9H). For spatial gene 
expression associated to the ulcerative colitis group in the 
Human Colorectal Cancer (11 mm Capture Area (FFPE)), 
CEACAM5 and LGALS1 revealed very high expression 
specifically in the central and upper left regions of the tis-
sue (Fig.  9I). MMP12 exhibited high expression within 
the central region of the tissue and NAMPT and PDG-
FRA were significantly expressed with spatial enrichment 
in the upper right and upper left regions, respectively and 
finally, PTPRB showed uniformly very low expression in 
the whole tissue (Fig. 9I).

Spatial autocorrelation mapping of gene expression and 
cell type distributions in human intestinal tissues
To investigate local gene expression aligns with immune 
cell distribution for Crohn’s disease, we examined spa-
tial co-occurrence patterns across colorectal tissues. In 
the Human Intestine Cancer (FPPE) dataset, CEACAM5 
showed spatial association with CD4+ effector memory T 
cells regions (p = 0.03), while CHI3L1 exhibited extremely 
strong colocalization with tissue stem cells (p = 3.93E-
16). ABL2 aligned with both T cells (p = 0.001) and DCs 
(p = 1.97E-06), and MAPK10 demonstrated a pronounced 
spatial relationship with CD4+ central memory T cells 
populations (p = 4.93E-09). Comparable associations 
were observed in the Human Colorectal Cancer-Whole 
Transcriptome dataset, where CEACAM5 localized 
to CD4+ effector memory T cells areas (p = 0.01), and 
CHI3L1 remained strongly enriched in tissue stem 
cell niches (p = 3.93E-16). ABL2 was associated with T 
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Fig. 9 (See legend on next page.)
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cells (p = 0.0006) and DC (p = 1.97E-06), while MAPK10 
showed highly significant spatial clustering within 
CD4+ central memory T cells regions (p = 3.76E-31). 
In the Human Colorectal Cancer-11  mm Capture Area 
(FFPE) dataset, CENPE expression colocalized with tis-
sue stem cells (p = 0.002) and naïve B cells (p = 0.02). 
ADAMTS4 aligned with tissue stem cells (p = 0.001) 
and memory B cells (p = 0.005). SERPINE1 (p = 0.03) 
and ABL2 (p = 0.03) both associated with monocytes, 
and ABL2 was additionally related to CD4+ effector 
memory T cells regions (p = 0.04). MAPK10 demon-
strated extremely strong non-random spatial clustering 
with epithelial cells (p = 1.37E-56), as well as associa-
tions with tissue stem cells (p = 0.04) and plasma B cells 
(p = 0.004). MMP3 showed a pronounced spatial relation-
ship with CD4+ effector memory T cells (p = 1.17E-11) 
(Supplementary Table S13). To assess spatial interac-
tions between gene expression and immune cell distri-
bution in ulcerative colitis, we evaluated multiple tissue 
datasets. In the Human Intestine Cancer (FPPE) dataset, 
NAMPT showed strong spatial association with macro-
phages (p = 0.0001) and with plasma B cells (p = 3.05E-
07). LGALS1 demonstrated extensive colocalization 
across several compartments, including hepatocytes 
(p = 0.001), CD4+ effector memory T cells (p = 1.80E-14), 
CD8+ central memory T cells (p = 8.48E-05), memory B 
cells (p = 2.87E-12), naïve B cells (p = 0.0003), and plasma 
B cells (p = 1.86E-20). In the Human Colorectal Cancer-
Whole Transcriptome dataset, NAMPT localized to 
macrophages (p = 0.0002), memory B cells (p = 0.02), 
and plasma B cells (p = 1.27E-08). LGALS1 was associ-
ated with B cells (p = 0.04), T cells (p = 0.03), hepatocytes 
(p = 0.001), CD4+ effector memory T cells (p = 3.85E-14), 
CD8+ central memory T cells (p = 5.03E-05), memory B 
cells (p = 5.30E-13), naïve B cells (p = 0.0002), and plasma 

B cells (p = 1.49E-20). In the Human Colorectal Can-
cer-11 mm Capture Area (FFPE) dataset, CEACAM5 was 
enriched in epithelial cells (p = 0.05) and CD8+ naïve T 
cells regions (p = 0.03). MMP12 showed spatial clustering 
with CD4+ effector memory T cells (p = 0.0009). NAMPT 
displayed spatial distribution across NK cells (p = 0.002), 
tissue stem cells (p = 3.23E-13), macrophages (p = 8.77E-
06), gamma-delta T cells (p = 0.01), CD4+ effector mem-
ory T cells (p = 6.25E-06), memory B cells (p = 0.0008), 
naïve B cells (p = 0.008), and plasma B cells (p = 8.21E-06). 
LGALS1 showed highly significant associations with T 
cells (p = 1.99E-19), neutrophils (p = 0.008), CD8+ naïve T 
cells (p = 0.03), CD4+ effector memory T cells (p = 1.24E-
22), CD8+ central memory T cells (p = 2.01E-08), mem-
ory B cells (p = 9.77E-07), naïve B cells (p = 0.0002), and 
plasma B cells (p = 2.66E-10) (Supplementary Table S13). 
Overall, spatial correlation evaluation demonstrated that 
genes in Crohn’s disease including (CEACAM5, CHI3L1, 
ABL2, MAPK10, CENPE, ADAMTS4, SERPINE1, 
MMP3) and ulcerative colitis such as (NAMPT, LGALS1, 
CEACAM5, MMP12) consistently colocalize with major 
immune cell populations such as T cell subsets, B cell 
subsets, macrophages, monocytes, dendritic cells, neu-
trophils, NK cells, epithelial cells, and tissue stem cells. 
These patterns demonstrate an integrated interaction 
between immune infiltration and gene expression in 
several regions. Collectively, our findings highlight that 
the inflammatory development of Crohn’s disease and 
ulcerative colitis can be significantly affected by the local 
microenvironmental context. The integrated summary of 
gene-level evidence across these analyses is provided in 
Supplementary Table S14.

(See figure on previous page.)
Fig. 9  Spatial transcriptomic analysis of human intestinal and colorectal cancer tissues (FFPE) reveals regional enrichment of immune and stromal popu-
lations together with expression patterns of ulcerative colitis associated marker genes. In human intestinal cancer (FFPE) tissue, (A) B cells and epithelial 
cells are the most abundant populations and predominantly distributed across the central and upper left regions, while tissue stem cells are strongly 
enriched in the upper right region; T cells, macrophages, neutrophils, hepatocytes, and endothelial cells show moderate abundance mainly in the upper 
right zone, and NK cells are present at low levels in the upper right. (B) Among T cell subsets, CD8+ central memory and CD8+ naïve T cells are highly 
abundant in upper left and upper right areas, respectively, while CD4+ effector memory and gamma-delta T cells are moderately represented and plasma 
B cells are highly enriched in central and upper right regions; memory and naïve B cells are prominent in the upper right, and immature B cells are more 
common in the upper left. (C) Marker genes CEACAM5 and LGALS1 exhibit very high expression across the entire tissue; NAMPT is strongly expressed 
throughout the tissue; PDGFRA shows moderate uniform expression; MMP12 is very low and restricted to the central region. In human colorectal can-
cer whole transcriptome FFPE tissue, (D) epithelial cells and B cells are highly abundant in upper left and upper right regions; T cells, tissue stem cells, 
macrophages, endothelial cells, hepatocytes, and neutrophils are moderately abundant in central areas, whereas NK cells are low and confined centrally. 
(E) CD8+ central memory T cells are highly abundant along left and right sides; CD4+ effector memory and CD8+ naïve T cells are prominent centrally; 
gamma-delta T cells are low and plasma and memory B cells are highly enriched centrally and in upper regions; naïve B cells are moderate in upper left 
and right zones; immature B cells are low in upper right. (F) Overall gene expression is reduced compared to intestinal cancer; CEACAM5 and LGALS1 
remain highly expressed; NAMPT is moderate expression throughout the tissue; PDGFRA, PTPRB, and MMP12 are low expression. In human colorectal 
cancer 11 mm capture area FFPE tissue, (G) B cells and epithelial cells are highly abundant in central and upper right regions; T cells, tissue stem cells, 
NK cells, and macrophages are enriched in central and upper left; neutrophils, hepatocytes, and endothelial cells are moderate in central and upper left 
zones. (H) CD8+ central memory, CD4+ effector memory, and CD8+ naïve T cells are uniformly highly abundant across the tissue; gamma-delta T cells are 
the only low abundance T cell subset and plasma and memory B cells are highly abundant throughout the tissue; naïve B cells are moderate localization 
in upper left; immature B cells are low. (I) Ulcerative colitis associated markers CEACAM5 and LGALS1 show very high expression in central and upper left 
regions; MMP12 is high centrally; NAMPT is significantly expressed in upper right; PDGFRA is prominent in upper left; PTPRB remains uniformly very low
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Evaluation of serum CEA expression in colorectal cancer 
and inflammatory bowel disease patients
The serum CEA expression level was significantly higher 
in colorectal cancer (CRC) patients compared to those 
with inflammatory bowel disease (P < 0.05) (Fig.  10A). 
Moreover, the serum CEA level was significantly higher 

in patients with Crohn’s disease compared to those with 
ulcerative colitis (P < 0.05) (Fig.  10B). Regarding gender 
differences in IBD, no significant change in serum CEA 
level was observed between male and female patients 
(P > 0.05) (Fig.  10C). Similarly, in Crohn’s disease, there 
was no significant gender related difference in serum 

Fig. 10  Serum carcinoembryonic antigen (CEA) levels in colorectal cancer (CRC) and inflammatory bowel disease (IBD) including Crohn’s disease (CD) 
and ulcerative colitis (UC). (A) Serum CEA is significantly higher in CRC patients than in IBD patients (P < 0.05). (B) Within IBD, CEA levels are significantly 
higher in Crohn’s disease than in ulcerative colitis (P < 0.05). (C) No significant gender difference in serum CEA across all IBD patients (P > 0.05). (D) No 
significant gender difference in serum CEA in Crohn’s disease patients (P > 0.05). (E) In ulcerative colitis, serum CEA is significantly higher in female than in 
male patients (P < 0.05). (F) No significant gender difference in serum CEA in CRC patients (P > 0.05). (G) Serum CEA increases with CRC stage, with stage 
IV significantly higher than stages I-III (P < 0.05). (H) In male CRC patients, stage IV CEA levels are significantly higher than stages I-III, with no difference 
between stages I and II (P > 0.05). (I) In female CRC patients, stage IV CEA levels are significantly higher than stages I and II (P < 0.05), but not significantly 
different from stage III (P > 0.05).

 



Page 30 of 39Hosseini et al. Journal of Translational Medicine          (2026) 24:591 

CEA expression (P > 0.05) (Fig. 10D). However, in ulcer-
ative colitis, the serum CEA level was significantly 
higher in female patients compared to males (P < 0.05) 
(Fig.  10E). In contrast, in CRC patients, no significant 
difference in serum CEA expression was found between 
males and females (P > 0.05) (Fig. 10F). In the analysis of 
CRC stages, the CEA expression level was significantly 
elevated in stage IV compared with stages III, II, and I 
(P < 0.05) (Fig.  10G). When CRC stages were analyzed 
separately by gender, male patients in stage IV showed 
significantly higher CEA levels compared with stages 
III, II, and I, while no significant difference was detected 
between stages I and II (P > 0.05) (Fig.  10H). Among 
female CRC patients, the CEA expression was signifi-
cantly higher in stage IV compared with stages I and II 
(P < 0.05) (Fig.  10I), whereas no significant difference 
was observed between stage IV and stage III (P > 0.05) 
(Fig. 10I).

Discussion
Crohn’s disease (CD) and ulcerative colitis (UC) are both 
part of IBD, a chronic gastrointestinal disorder that is 
characterized by ongoing tissue remodeling, abnormal 
mucosal immunology and epithelial barrier dysfunc-
tion [42]. Patients that suffer extended phases of colonic 
mucosal inflammation and regeneration are at increased 
risk for colorectal cancer (CRC) due to stromal acti-
vation, abnormal epithelial proliferation, and genetic 
susceptibility [42]. The molecular interaction between 
chronic inflammation and neoplasia remains poorly rec-
ognized mainly because of the complex cellular hetero-
geneity and spatiotemporal interactions among immune, 
stromal, and epithelial compartments [43]. To discover 
pathological pathways and establish targeted therapeu-
tic approaches to address inflammation-associated car-
cinogenesis, it is crucial to completely understand this 
complex cellular context [44]. Recent advances in spa-
tial transcriptomics and single-cell RNA sequencing 
(scRNA-seq) have changed our understanding of IBD 
and CRC by revealing disease-specific cell populations, 
regulatory pathways, and potential biomarkers that were 
previously ignored by bulk studies [45]. These technolo-
gies have produced high-resolution maps of cellular 
diversity, signaling interactions, and spatial organization 
within diseased tissues [45]. The integration of multi-
omics approaches has further emphasized the prognostic 
and therapeutic advantages of cellular biomarkers, which 
can range from immune cell subpopulations to extra-
cellular matrix (ECM) remodeling pathways, provid-
ing novel opportunities for personalized treatment [46]. 
These approaches provide insights how inflammatory 
regions change into favorable to tumors microenviron-
ments in colorectal cancer and contribute to determin-
ing the balance between pathogenic inflammation and 

protective immune responses in the context of IBD [46]. 
The single-cell transcriptome investigation showed that 
Crohn’s disease significantly alters the mucosal cellu-
lar landscape, with several immune subsets increasing 
and epithelial and tissue stem cell regions significantly 
decreasing. The loss of the epithelial barrier, an essential 
component of CD pathophysiology, can be associated 
with a reduction in epithelial cells [47]. In contrast, the 
increase in T cells, monocytes, neutrophils, and macro-
phages reflects enhanced inflammatory infiltration and 
sustained immune activation [47]. Chronic immunologi-
cal activation is further supported by altered distribu-
tions within T cell and B cell subpopulations, including 
enhanced naïve and memory categories [48]. While a 
decrease of CD8+ central memory T cells may reflect 
deficient adaptive control, the increase in gamma-delta 
T cells indicates an innate-like response to epithelium 
damage [49, 50]. The cellular profile of ulcerative colitis 
demonstrated a strong inflammatory signature with sig-
nificant epithelial depletion and proliferation of B cells, 
T cells, NK cells, and macrophages. Ulcerative colitis 
has been demonstrated to exhibit widespread patterns 
of barrier damage, which are consistent with the consid-
erable reduction in tissue stem cells and epithelial cells 
[51]. Increased humoral and cytotoxic responses within 
the inflammatory mucosa are highlighted by increased 
B cell and NK cell proportions [52]. Changes in gamma-
delta T cells and other T cell subsets indicate dysregu-
lated mucosal immunity and impaired tissue-protective 
responses [53]. Alterations in B cell composition, includ-
ing increased naïve B cells and reduced immature sub-
sets, may reflect local differentiation dynamics driven by 
chronic inflammation [54]. Pseudotime trajectory inves-
tigation provided more understanding into how biologi-
cal states change across duration. The conditions showed 
that adaptive immune populations (B and T cells) charac-
terized the initial pseudotime phases, followed by initial 
effectors (neutrophils, NK cells), and epithelial, stem, and 
astrocyte-like populations around the final stage. This 
progressive phase, which is comparable to the chronic 
inflammatory cycle characteristic of IBD, probably repre-
sents the transition from acute immune activation to tis-
sue transformation and repair [55, 56]. Plasma B cells and 
memory B cells developed at final pseudotime branches 
in CD, demonstrating continued humoral activation, but 
epithelial and hepatocyte-like cells appeared at the end of 
pseudotime trajectories in UC, emphasizing metabolic 
reprogramming and regeneration of epithelial tissue 
[56]. These trajectories confirm the concept that cancer 
cell transformation is made possible by a combination of 
regenerative proliferation and chronic immune activa-
tion. CellChat findings demonstrated that cytokine and 
extracellular matrix (ECM)-related pathways, specifically 
collagen, laminin, GALECTIN, and MIF signaling, are in 
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responsible of active intercellular communication. These 
connections between immune system, epithelial, endo-
thelial, and stem cells demonstrated the essential function 
of stem and endothelial cells as communication centers 
in ulcerative colitis and Crohn’s disease. Strong tissue 
remodeling can be detected by the prevalence of ECM 
pathways [57], whereas immune-metabolic interaction 
including monocytes and neutrophils is demonstrated 
by GALECTIN and MIF networks [58, 59]. Collectively, 
these signaling pathways could support chronic inflam-
mation and facilitate angiogenesis and immune evasion, 
demonstrating that focusing on MIF, GALECTIN, or 
ECM regulators could be useful in destabilizing interac-
tions that contribute to disease. These modifications indi-
cate to a highly inflammatory and dysregulated mucosal 
microenvironment which could be an origin of intestinal 
inflammation. Spatial transcriptomic mapping provided 
a contextual understanding of how these cell types are 
organized within tissue architecture. T and B lympho-
cytes, neutrophils, monocytes, and epithelial cells were 
found mainly in the tumor central region and areas of 
active inflammation, while tissue stem cell and endothe-
lial cells were located in distinct surrounding regions that 
indicated sites of stromal remodeling, angiogenesis, and 
regeneration [60]. Subpopulation mapping showed that 
memory B cells and CD8+ central memory T cells local-
ized to adjacent regions and suggesting organized adap-
tive responses [61], while plasma B cells spread in distinct 
regions and possibly corresponding to tertiary lymphoid 
structures (TLS) [62]. These spatial patterns could func-
tion as regional centers for tissue healing and immuno-
logical activation, but when imbalanced, they can also 
create chronic inflammation, influence the extracellular 
matrix, and accelerate the spread of tumors. Integrating 
bulk and single-cell transcriptome data demonstrated 
that a number of genes associated with ECM remod-
eling, inflammation, and proliferation were continu-
ously elevated. These genes included NUAK1, CENPE, 
LGALS1, PDGFRA, CHI3L1, CALCRL, SERPINE1, 
ABL2, MMP12, MAPK10, ADAMTS4, MMP3, NAMPT 
and CEACAM5. Furthermore, inflammatory IBD tissues 
also had higher levels of the CRC marker CEACAM5 
and indicating that chronic inflammation could initiate 
tumor-promoting pathways before to the onset of dys-
plasia. This is confirmed by higher blood CEA levels in 
CRC and some CD patients, but they also emphasize the 
importance for caution when evaluating tumor markers 
while inflammation is occurring.

NUAK1, a serine/threonine kinase involved in cellular 
metabolism and the regulation of oxidative stress, has 
been increasingly linked to gastrointestinal inflammation 
and tumorigenesis [63]. According to previous studies by 
Xin Ni [64] and Jennifer Port [65], NUAK1 is elevated in 
several types of cancers, including colorectal cancer. Its 

high expression is associated with aggressive tumor char-
acteristics and a lower overall survival rate, probably as 
an outcome of altered antioxidant defense pathways. Ya-
jie Wang and et al., suggested that NUAK1 plays a role in 
IBD by regulating cell adhesion and calcium signaling 
activities [66]. According to our single-cell RNA-seq 
data, NUAK1 was mainly expressed in clusters of fibro-
blasts and epithelial cells and associated with Crohn’s dis-
ease patients’ intestinal mucosa. This suggests that 
NUAK1 plays an important role in epithelial-stromal 
interactions during inflammatory processes. Pseudotime 
trajectory evaluation demonstrated a progressive 
increase in NUAK1 expression along the differentiation 
path of epithelial progenitors toward inflammatory states 
and suggesting activation in response to oxidative stress 
during chronic inflammation [67]. Spatial transcriptomic 
analysis confirmed strong localization of NUAK1 in 
inflamed colonic crypt regions, consistent with its contri-
bution to mucosal remodeling and epithelial stress 
response during Crohn’s disease [68]. CENPE, a centro-
mere-associated motor protein essential for chromosome 
segregation, has been linked to cancer progression and 
genomic instability [69]. Yuan Yuan [70] and Yuan-Xiang 
Shi [71] revealed that CENPE overexpression in colon 
cancer associated with poor prognosis, immune evasion 
and increased tumor mutational burden and suggesting a 
role in both cell cycle regulation and immune modifica-
tion. Our findings indicated that CENPE was upregulated 
in epithelial cell clusters in single-cell datasets from 
Crohn’s disease patients. This indicates abnormal cell 
proliferation and epithelial regeneration under chronic 
inflammatory stress [72]. Pseudotime trajectory evalua-
tion showed CENPE activation during late inflammatory 
stages and associated with an increase in epithelial prolif-
eration [73]. CENPE expression was further localized by 
spatial transcriptomic data to hyperproliferative epithe-
lial regions adjacent to ulcerated mucosa, confirming its 
role in excessive regenerative activities and possible vul-
nerability to dysplasia in Crohn’s disease [74]. CHI3L1 
(chitinase-3-like 1) has been consistently associated with 
inflammatory and neoplastic processes in the gut [75, 
76]. Kamba [77] and Chen [78] demonstrated that 
CHI3L1 as highly expressed in IBD mucosa with dyspla-
sia and facilitating the proliferation of epithelial cells by 
activating NF-κB. Deutschmann [79] and Levantovsky 
[80] revealed that CHI3L1 is related to Crohn’s disease 
progression and particularly in fibroblast and myeloid 
populations associated with fistula formation. Our sin-
gle-cell assessment confirmed elevated CHI3L1 expres-
sion in fibroblasts and macrophage clusters within the 
ileal mucosa of Crohn’s disease patients and suggesting 
its participation in chronic inflammation and tissue 
remodeling [80]. Pseudotime trajectory indicated that 
CHI3L1 upregulation at intermediate to late 
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inflammatory states, consistent with fibroblast activation 
and immune recruitment [81]. Spatial transcriptomics 
demonstrated that CHI3L1 was expressed to inflamed 
submucosal regions and around immune follicles and 
reflecting its involvement in both epithelial repair and 
fibrotic remodeling in Crohn’s disease [82, 83]. The spa-
tial co-localization of CHI3L1 expressing inflammatory 
niches with epithelial stem cell regions suggests that stem 
cells may be exposed to persistent inflammatory and pro-
liferative signals within the local microenvironment [84, 
85]. Given the high responsiveness of intestinal stem cells 
to microenvironmental signals, such conditions may pro-
mote sustained epithelial proliferation and altered differ-
entiation dynamics, potentially creating a 
microenvironment predisposed to dysplasia development 
[74]. CALCRL, a gene encoding the calcitonin receptor-
like receptor involved in vascular and neuroimmune sig-
naling, has demonstrated context-dependent roles in 
intestinal homeostasis [86]. Jakob Wiese and colleagues 
demonstrated that minimal transcriptional changes in 
CALCRL expression in inflamed IBD colon tissues [87]. 
Additionally, Ran Wang and colleagues highlighted its 
beneficial lymphatic role and indicating that intestinal 
inflammation after mucosal damage is exacerbated 
through a lack in Calcrl gene [88]. CALCRL expression 
was mainly identified in epithelial and endothelial clus-
ters of Crohn’s disease tissue in our single-cell RNA-seq 
dataset, which is consistent with its demonstrated neuro-
epithelial regulation function [89]. Pseudotime trajectory 
analysis indicated stable expression during early epithe-
lial differentiation and reflecting a potential homeostatic 
rather than reactive function [89]. According to our spa-
tial transcriptomics findings, low to moderate CALCRL 
expression was found in the central and peripheral muco-
sal regions of colorectal cancer tissue and demonstrating 
its role in maintaining epithelial lymphatic interaction in 
chronic inflammatory circumstances [90]. SERPINE1, 
encoding plasminogen activator inhibitor-1 (PAI-1), is a 
key regulator of extracellular matrix remodeling and 
fibrosis [91]. De Santis and et al., discovered that gastro-
intestinal fibrosis in Crohn’s disease is driven by IL-33-in-
duced SERPINE1 overexpression [92]. Its increased 
expression has been significantly related with adverse 
clinical outcomes, advanced tumor stage, and immune 
system infiltration in both active IBD and colorectal can-
cer, according to several investigations such as: B Jójárt 
and et al. [93], Tang and et al. [94], Wang and et al. [95], 
Yuan and et al. [96]. Notably, according to Tang and col-
leagues [94], SERPINE1 may be used as a biomarker for 
Crohn’s disease activity and treatment response. Our sin-
gle-cell RNA-seq data demonstrated that SERPINE1 was 
primarily expressed in fibroblast and endothelial popula-
tions within inflamed ileal tissue, consistent with its pro-
fibrotic and pro-inflammatory role [97, 98]. Analysis of 

pseudotime trajectories revealed that SERPINE1 was 
over time upregulated during the fibroblast activation 
trajectory and suggesting a role in chronic tissue remod-
eling [98]. The moderate expression of SERPINE1 in the 
central regions of colorectal cancer was further validated 
by spatial transcriptomic results, which also associated 
with histologic areas of inflammation and submucosal 
fibrosis [99]. Inflammation-associated neoplasia has been 
associated with ABL2, a non-receptor tyrosine kinase 
related to endothelial function and cytoskeletal dynamics 
[100]. Chakrabarty and et al., demonstrated that ABL2 
mutations in patients with ulcerative colitis who were at 
high risk of developing colorectal cancer, indicating that 
the protein may be involved in inflammation-driven car-
cinogenesis [101]. ABL2 expression in endothelial and 
fibroblast populations from inflammatory intestinal areas 
was found by Levitte [102] and Ke [103], suggesting a 
possible function in protecting blood vessel function dur-
ing inflammation [104]. ABL2 expression was mainly 
detected in endothelial and fibroblast clusters of Crohn’s 
ascending colon tissue, according to our single-cell and 
bulk RNA-seq findings. Pseudotime trajectory analysis 
demonstrated dynamic ABL2 expression during fibro-
blast activation and related to endothelial remodeling 
[97]. Spatial transcriptomic revealed that ABL2 was 
expressed in the central mucosal regions of Crohn’s tissue 
and associated to vascularized and fibrotic regions [105]. 
MAPK10 (JNK3), a stress-activated kinase, regulates 
apoptosis and inflammatory signaling [106]. Quaglio and 
colleagues demonstrated that colonic tissues with inflam-
mation had elevated MAPK10 expression, indicating an 
adaptive reaction to stress initiated through inflamma-
tion [107]. According to our single-cell RNA-seq data, 
Crohn’s sigmoid colon samples showed modest but par-
ticular expression of MAPK10 within epithelial clusters. 
Pseudotime trajectory evaluation demonstrated that late-
stage induction and suggesting MAPK10 activation 
under prolonged inflammation [106]. Spatial transcrip-
tomic mapping revealed that very low expression of 
MAPK10 in left mucosal regions of colorectal cancer tis-
sue and demonstrating its specific involvement in inflam-
mation [106]. The metalloproteinase and a disintegrin 
related to the thrombospondin motifs (ADAMTS) family 
play a role in the pathophysiology of numerous chronic 
inflammations as well as the formation of the extracellu-
lar matrix [108]. Buran and et al. [109], and Lin and et al. 
[110], demonstrated that ADAMTS4 was upregulated in 
IBD, including Crohn’s and ulcerative colitis and 
increased cytoplasmic protein localization in inflamed 
tissues. Our single-cell RNA-seq analysis revealed that 
ADAMTS4 was expressed primarily in fibroblast clusters 
from Crohn’s terminal ileum and supporting its profi-
brotic activity [111]. According to pseudotime trajectory 
findings, there was persistent upregulation during 
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fibroblast differentiation, which is consistent with 
chronic ECM degradation [112]. The core regions of 
colorectal cancer tissue demonstrated moderate 
ADAMTS4 expression, which is consistent with fibrotic 
remodeling areas and supports its role in matrix disinte-
gration during chronic inflammation [111], as demon-
strated by spatial transcriptomics. In inflammatory bowel 
disease, damage to the gut and infiltration of immune 
cells have been associated with MMP3, another impor-
tant matrix metalloproteinase [113, 114]. Jimbo and et al. 
[115], , Gordon and et al. [114], , and Pan and et al. [116], 
discovered that immune cell infiltration and disease pro-
gression were associated with increased MMP3 expres-
sion in active UC and CD, especially in epithelial and 
plasma cells. Li and et al. [117], and de Bruyn and et al. 
[118], demonstrated that MMP3 contributes to colitis-
related carcinogenesis. In Crohn’s disease ileal tissue, our 
single-cell RNA-seq data showed that MMP3 expression 
was detected in clusters of macrophages and epithelial 
cells, contributing it to mechanisms of mucosal damage 
and healing [119]. Pseudotime trajectory assessment 
indicated highest expression of MMP3 in the final phases 
of inflammation. The crucial role of MMP3 in chronic 
mucosal remodeling was supported by spatial transcrip-
tomic data, which showed low but distinct MMP3 
expression and localized mainly in the inflamed regions 
of colorectal cancer [120].

LGALS1, which codes for galectin-1, is essential for 
mucosal defense, apoptosis, and immunological modula-
tion [121]. In experimental models, Fernandez-Perez and 
et al. [122], , Papa-Gobbi and et al. [123], , and Morosi 
and et al. [124], demonstrated that Gal-1 contributes to 
colitis via modulating T-cell activity, especially in the 
Th17/Th1 proportion. Furthermore, Cagnoni and et al. 
[121], discovered that immunosuppressive CD8+ regula-
tory T cells proliferation is facilitated by increased Gal-1 
expression in colorectal cancer, which contributes to a 
poor prognosis. The immunological function of LGALS1 
in the inflammatory microenvironment was shown by 
our single-cell study, which revealed that it mainly 
expressed in stromal fibroblasts and macrophages in 
ulcerative colitis tissue [121]. The pseudotime trajectory 
indicated that LGALS1 originated at the beginning of 
stromal lineages before immune infiltration, which is 
consistent with its recognized anti-inflammatory signal-
ing pathway. High expression of LGALS1 has been dem-
onstrated by spatial transcriptomics in regions of 
immune cell aggregation and subepithelial stromal tis-
sues, showing its dual function in tissue healing and sup-
pression of immune cells underlying ulcerative colitis 
development [119]. The receptor tyrosine kinase known 
as PDGFRA (Platelet-Derived Growth Factor Receptor 
Alpha) is mostly expressed in mesenchymal cells, such as 
fibroblasts and particular stromal cell types in the 

gastrointestinal tract [125]. Pellon-Cardenas and et al. 
[126], reported that PDGFRA+ fibroblasts secrete para-
crine ligands that support epithelial healing under onco-
genic stress, while Jia Li and colleagues [127] identified 
these fibroblasts in both endoscopic biopsies and surgical 
ulcerative colitis specimens. According to our single-cell 
findings, fibroblast clusters in UC sigmoid colon samples 
had higher levels of PDGFRA expression, which confirms 
their contribution in matrix conversion and epithelial 
maintenance [51]. Pseudotime trajectory examination 
showed persistent PDGFRA activity across the fibroblast 
differentiation trajectory and suggesting continual fibro-
blast activation as the disease progressed [126]. High 
expression of PDGFRA has been demonstrated by spatial 
transcriptomics and determining their anatomical func-
tion in ulcerative colitis-related tissue fibrosis and muco-
sal healing [99]. In inflammation, MMP12 (matrix 
metalloproteinase-12), which codes for macrophage elas-
tase, facilitates tissue remodeling and extracellular matrix 
disintegration [128]. According to Nighot and et al. [128], 
, Arosa and et al. [129], , and Di Sabatino and et al. [130], , 
MMP12 is significantly increased in ulcerative colitis and 
Crohn’s disease, and it is correlated with the advanced 
stage of the disease, macrophage proliferation, and epi-
thelial damage, while Mäkitalo and colleagues [131], con-
firmed its expression in colonic epithelium and 
infiltrating neutrophils of ulcerative colitis samples. Our 
single-cell RNA-seq results indicated that MMP12 is 
mainly expressed by macrophage populations within 
ulcerative colitis tissues and highlighting its immune-
mediated pathogenic role [131]. Pseudotime trajectory 
evaluation demonstrated that high expression of MMP12 
in activated macrophages at late inflammatory stages and 
associated with the phase of chronic tissue damage [132]. 
High MMP12 expression was shown by spatial transcrip-
tomics and enriched in the core areas of colorectal cancer 
tissue and highlighting its role in mucosal damage and 
active inflammation [132]. In intestinal inflammation, 
NAMPT, an essential enzyme for NAD⁺ production, con-
nects immunological and metabolic reactions [133]. 
NAMPT overexpression has been consistently reported 
in IBD by Hong et al. [134], Colombo et al. [135], and 
Neubauer et al. [136], which have associated it to immu-
nological infiltration, macrophage activation, and a poor 
therapeutic response to anti-TNF medications. Lei and 
colleagues [137] demonstrated that bacterial NAMPT 
regulation increases the release of inflammatory cyto-
kines through the MAPK pathway, and Starr and et al. 
[138], showed that IBD patients’ inflamed mucosa had 
higher NAMPT levels. Our single-cell RNA-seq results 
indicated that NAMPT was significantly expressed in UC 
ileal tissue macrophage clusters, highlighting a role for it 
in metabolic immune interaction [139]. Pseudotime tra-
jectory assessment demonstrated that progressive 
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NAMPT induction during macrophage activation and 
consistent with SPP1⁺ tumor-associated macrophages in 
chronic inflammation [140]. Spatial transcriptomic eval-
uation confirmed moderate NAMPT expression across 
colorectal cancer tissues, particularly in immune-rich 
regions and highlighting its contribution to persistent 
inflammation in ulcerative colitis [141]. CEACAM5 (Car-
cinoembryonic Antigen, CEA) is a cell adhesion glyco-
protein that plays a dual function in the stability of 
epithelial cells and proliferation of tumors, widely known 
as a diagnostic and prognostic biomarker in colorectal 
malignancies [142]. Several research such as Liu and et al. 
[143], , Holmer and et al. [144], demonstrated that 
CEACAM5 regulated by inflammatory cytokines like 
IL-6 and is significantly expressed in a variety of epithe-
lial tumors, particularly gastric and colorectal cancers. 
Additionally, inhibition of TGF-β/SMAD3 signaling has 
been related to its expression and demonstrating a bio-
logical role in immunological modulation and epithelial 
differentiation [145, 146]. According to Saiz-Gonzalo and 
colleagues [142], CEACAM5 has been shown to exhibit 
inconsistent patterns in inflammatory bowel disease 
(IBD), including downregulated in Crohn’s disease (CD) 
and upregulated in adult ulcerative colitis (UC). Our 
experimental findings demonstrated that serum CEA lev-
els were significantly higher in colorectal cancer (CRC) 
patients compared to IBD patients and among IBD 
patients, CEA expression was significantly higher in 
Crohn’s disease compared to ulcerative colitis. The higher 
CEACAM5 levels observed in Crohn’s disease compared 
with ulcerative colitis may be related to the distinct path-
ological characteristics of these two IBD subtypes. 
Crohn’s disease is characterized by transmural inflamma-
tion and repeated cycles of epithelial injury and regenera-
tion, which may enhance epithelial proliferation and 
differentiation processes associated with CEACAM5 
expression [147, 148]. In addition, stronger activation of 
pro-inflammatory cytokine pathways, including IL-6 
mediated signaling, may further contribute to the 
increased expression and systemic release of CEACAM5 
in Crohn’s disease [149, 150]. Furthermore, CEA levels 
increased progressively across CRC stages, particularly in 
stage IV and establishing that it is associated with the 
growth of tumors. Gender-based comparisons revealed 
no significant differences in serum CEA levels between 
males and females in CD or CRC. Additionally, UC 
female patients exhibited higher serum CEA levels com-
pared to males. According to Gao and colleagues [151], 
increased CEA levels are associated with tumor prolifera-
tion, lymphatic and vascular invasion, and the spread of 
metastases in colorectal cancer. At the transcriptomic 
level, CEACAM5 expression was detected as a differen-
tial biomarker in both Crohn’s disease and ulcerative coli-
tis. In the single-cell RNA-seq dataset, CEACAM5 was 

predominantly expressed in epithelial cell clusters. Tra-
jectory analysis revealed that CEACAM5 expression pro-
gressively increased along the pseudotime trajectory and 
indicating a function in late-stage epithelial differentia-
tion and potential transition toward a tumorigenic state 
[152]. Spatial transcriptomic evaluation demonstrated 
that high CEACAM5 expression across extensive regions 
of the intestinal and colorectal cancer tissues, particularly 
enriched in the central areas of the colorectal capture 
area tissue and intestinal cancer regions, while maintain-
ing moderate expression in whole transcriptome colorec-
tal tissue. Strong epithelial localization from spatial 
transcriptomic findings and upregulation of CEACAM5 
in Crohn’s disease and advanced stages of colorectal can-
cer demonstrate its diagnostic importance and possibili-
ties as a biomarker for determining disease progression 
and the progression from inflammatory to neoplastic 
stages in the colon and ileum [153]. Collectively, our 
multi-omics findings indicated that CEACAM5 repre-
sents a crucial biological connection between colorectal 
carcinogenesis and chronic intestinal inflammation.

Several limitations of this study should be acknowl-
edged. One limitation is the limited number of publicly 
available spatial transcriptomics datasets for colorec-
tal cancer. Although the selected datasets provide high 
quality spatial gene expression profiles and cellular het-
erogeneity, they may not fully represent the heteroge-
neity across all CRC clinical stages. Another limitation 
is the absence of longitudinal biopsy samples that fol-
low patients over time from IBD to colorectal cancer. 
Consequently, the inferred disease progression is based 
on integrative analyses of bulk, single cell, and spatial 
transcriptomic datasets rather than real time temporal 
observation. While this approach provides biologically 
consistent evidence of cellular and molecular transi-
tions, it represents an indirect inference of progression 
rather than direct longitudinal validation. An additional 
limitation is the lack of direct mechanistic validation of 
CEACAM5 function at the tissue and cellular levels. Due 
to substantial financial and infrastructural constraints, 
experimental approaches such as real time PCR, West-
ern blotting, immunohistochemistry, gene knockdown 
or overexpression assays, and in vivo modeling could not 
be performed. Future studies should prioritize functional 
validation using in vitro cell based models, targeted 
manipulation of CEACAM5 expression, and tissue level 
analyses to clarify its causal role in colorectal cancer ini-
tiation and progression. Finally, although our single cell 
RNA sequencing dataset includes several innate immune 
cell populations (myeloid and epithelial compartments) 
that are known to express pattern recognition receptors 
(PRRs), we did not perform a systematic analysis spe-
cifically focused on PRR families such as Toll like recep-
tors (TLRs), NOD like receptors (NLRs), or other innate 



Page 35 of 39Hosseini et al. Journal of Translational Medicine          (2026) 24:591 

immune sensing pathways. The primary objective of this 
study was to characterize the overall immune cellular 
landscape of IBD and to further resolve disease associ-
ated heterogeneity within B and T cell subpopulations. 
Future studies could build upon the current dataset to 
investigate the expression patterns and regulatory net-
works of PRRs across specific innate immune cell popu-
lations, which may provide additional insights into the 
mechanisms of innate immune dysregulation and host-
microbiota interactions in inflammatory bowel disease.

Conclusions
Our integrative multi‑omics analysis demonstrates that 
chronic intestinal inflammation in inflammatory bowel 
disease induces profound immune, epithelial, and stromal 
reprogramming, thereby establishing a microenviron-
ment favorable to colorectal carcinogenesis. Single‑cell 
and pseudotime trajectory analyses reveal sustained 
immune activation, epithelial attrition, and dysregulated 
regeneration as key features of Crohn’s disease and ulcer-
ative colitis and providing mechanistic insight into the 
progression from chronic mucosal damage to dysplasia 
susceptible states. Spatial transcriptomic profiling fur-
ther demonstrated that inflammation-associated genes 
involved in extracellular matrix remodeling, immune 
evasion, angiogenesis, and metabolic adaptation are not 
uniformly distributed, but instead localize to distinct tis-
sue niches that function as hubs of disease progression. 
The spatial co-occurrence of immune infiltration, fibro-
blast activation, and epithelial stress responses reveals 
shared microenvironmental programs between inflam-
matory bowel disease and colorectal cancer that repre-
sent actionable therapeutic targets. The spatially resolved 
characterization of CEACAM5 and LGALS1 as candidate 
biomarkers underscores their potential clinical utility in 
risk stratification, early detection, and precision therapy 
selection. Collectively, our findings establish a compre-
hensive cellular and spatial framework that elucidates 
inflammation-driven colorectal tumorigenesis in the con-
text of inflammatory bowel disease, including Crohn’s 
disease and ulcerative colitis and supports the rational 
development of precision therapeutic strategies targeting 
both pathogenic inflammation and cancer-promoting tis-
sue remodeling in colorectal cancer. 
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