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Abstract

Epithelial-mesenchymal transition (EMT) plays a pivotal role in tumor metastasis and immune suppression in
colorectal cancer (CRC). However, the specific mechanisms of EMT and its relationship with the clinical prognosis
and immunotherapy response in CRC patients remain unclear. In this study, we identified TAGLN-positive fibroblasts
(TAGLN*Fib) as a cancer-associated fibroblast (CAF) subtype within the tumor microenvironment (TME) that
promotes tumor metastasis and immune evasion. High EMT scores, strongly associated with TAGLN expression,
were correlated with advanced tumor stages, poor prognosis, and resistance to immunotherapy. Functional
experiments demonstrated that TAGLN knockdown significantly reduced CRC cell proliferation, migration, and EMT
phenotypes in vitro and suppressed tumor growth in vivo. Furthermore, TAGLN*Fib closely interacted with MMP7-
positive tumor epithelial cells and SPP1-positive macrophages, forming a pro-metastatic and immunosuppressive
network. An EMT-TME risk model constructed using TAGLN*Fib exhibited robust predictive power for CRC
prognosis and immunotherapy response. This study reveals the association of EMT scores with CRC prognosis and
immunotherapy response, highlights TAGLN*Fib’s critical role in tumor progression, and develops an EMT-TME risk
model, offering insights for personalized CRC treatment and precision medicine.
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Introduction

Colorectal cancer (CRC) is among the most common
malignant tumors of the digestive system worldwide,
characterized by persistently high incidence and mortal-
ity rates [1]. Despite advancements in surgery, chemo-
therapy, targeted therapy, and immunotherapy in recent
years, survival outcomes for late-stage CRC patients
remain poor, with significant heterogeneity in responses
to immunotherapy [2]. This variability is thought to stem
from the complex tumor microenvironment (TME) of
CRC, within which epithelial-mesenchymal transition
(EMT) plays a pivotal role in tumor progression and
immune evasion [3].

EMT represents a dynamic process where tumor cells
transition from an epithelial to a mesenchymal pheno-
type, conferring enhanced invasiveness and migratory
capabilities. As a critical driver of metastasis [4], EMT
also remodels the TME, disrupting interactions between
tumor cells and the immune system. This reprogram-
ming fosters an immunosuppressive state that impairs
the efficacy of immunotherapies, such as anti-PD-1/
PD-L1 treatments [5—7]. While the central role of EMT
is widely recognized, its precise mechanisms underlying
CRC prognosis, immune evasion, and response to immu-
notherapy remain to be elucidated systematically.

Cancer-associated fibroblasts (CAFs) are key compo-
nents of the TME, exerting multifaceted influences on
tumor progression [8]. CAFs promote tumor cell prolif-
eration, invasion, and metastasis through the secretion of
cytokines and extracellular matrix (ECM) components.
Additionally, they modulate the immune microenvi-
ronment to establish an immunosuppressive milieu [9].
Recent studies have revealed the heterogeneity of CAFs,
with distinct subtypes playing diverse roles in tumor pro-
gression. Certain CAF subtypes are hypothesized to be
closely linked with the EMT process [10]. However, the
specific functions and molecular mechanisms of different
CAF subtypes in CRC remain incompletely understood.

This study conducted a multidimensional analysis of
multiple bulk and single-cell transcriptomic datasets,
combined with in vitro and in vivo functional experi-
ments, to systematically elucidate the relationship
between EMT scores and CRC prognosis and immu-
notherapy response. It further explored the critical role
of the EMT subtype TAGLN'Fib in tumor metastasis
and immune suppression. Building on these findings,
machine learning algorithms were employed to develop
a risk prognostic model based on EMT TME scores,
enabling stratification of CRC patients by prognostic risk
and immunotherapy sensitivity. These results not only
offer novel insights into EMT-related basic research but
also identify potential biomarkers and therapeutic tar-
gets for personalized treatment and precision medicine
in CRC.
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Materials and methods

Cell culture

The CRC cell line SW620 (purchased from the Shanghai
Cell Bank) was cultured in RPMI-1640 medium (Gibco)
supplemented with 10% fetal bovine serum (FBS, Gibco)
and 1% penicillin-streptomycin at 37 °C in a humidified
incubator with 5% CO,. CAFs and normal fibroblasts
(NFs) were isolated and cultured following the protocols
described in our previous study [11].

CRISPR-Cas9-mediated TAGLN knockdown

The TAGLN gene in CAFs was knocked out using the
CRISPR-Cas9 system. Single-guide RNA (sgRNA)
sequences were designed using the CRISPOR online
tool to target the exonic region of the TAGLN gene.
The sgRNA sequences were cloned into the px458 vec-
tor, which contains the Cas9 and EGFP genes (Add-
gene, plasmid #48138). Transfection was performed
using Lipofectamine 3000 (Thermo Fisher). After 48 h,
EGFP-positive cells were sorted by flow cytometry, and
TAGLN-knockdown clones were selected. Western blot
analysis was used to verify knockdown efficiency. The
sequences were as follows:

sgRNA_1-F: CACCGGTACCCTGATGGCTCCAAG
C,ngNA_l-R: AAACGCTTGGAGCCATCAGGGTAC
C;ngNA_2-F: CACCGATGTGGGCCGCCCAGACCG
T’ngNA_2-R: AAACACGGTCTGGGCGGCCCACAT
C:

sgRNA_3-F: CACCGAATCGAGAAGAAGTATGACG,
sgRNA_3-R: AAACCGTCATACTTCTTCTCGATTC.

In vitro assays

The protocols for total protein extraction, Western
blotting, immunohistochemistry (IHC), cell prolifera-
tion assay (CCK-8), colony formation assay, and Tran-
swell migration and invasion assays were performed as
described in a previous study [12]. The primary anti-
bodies used in this study included TAGLN (Abclonal,
cat. A25499PM), E-Cadherin (Abclonal, cat. A20798),
N-Cadherin (Abclonal, cat. A3045), Vimentin (Abclonal,
cat. A19607), and GAPDH (Proteintech, cat. #60004-1-
IG). Secondary antibodies were goat anti-mouse IgG and
goat anti-rabbit IgG (Biosharp).

Xenograft tumor model

Six-week-old male BALB/c nude mice were randomly
divided into three groups (n=4 per group). CAFs were
mixed with SW620 cells at a 1:4 ratio, and 200 uL of the
cell suspension (containing 1x 107 cells) was subcutane-
ously injected into each mouse. Tumor volume was mea-
sured every three days. After five weeks, the mice were
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euthanized, and tumors were excised for weight mea-
surement and histological analysis. All animal experi-
ments were approved by the Institutional Animal Ethics
Committee and performed in compliance with animal
welfare guidelines.

RT-qPCR analysis of M2 macrophage marker expression in
mouse tumor tissues

In this study, RT-qPCR was employed to assess the
mRNA expression levels of M2 macrophage-related
markers (Argl, CD206, Ym1, and Fizz1) in mouse tumor
tissues. Specifically, total RNA was extracted from tumor
tissues using the TRIzol method, followed by cDNA syn-
thesis via reverse transcription. Real-time quantitative
PCR was then performed using the SYBR Green fluores-
cence dye method. Primer sequences for each gene are
provided in Supplementary Table 1. Gapdh was used as
the internal control, and the relative expression levels
of the target genes were calculated using the 2"-AACt
method.

Tissue sample collection

Seven pairs of CRC tumor tissues and adjacent non-can-
cerous tissues were collected as formalin-fixed paraffin-
embedded (FFPE) samples to assess TAGLN protein
expression. Ethical approval for the use of human speci-
mens was obtained from the Ethics Committee of Nan-
jing First Hospital, Nanjing Medical University, and
written informed consent was obtained from all patients.

Transcriptomic data collection and analysis for CRC

Six bulk transcriptome datasets with survival informa-
tion were collected from the TCGA and GEO databases,
including TCGA-CRC (TCGA-COAD + TCGA-READ,
referred to as bData_1), GSE39582 [13] (bData_2), and
the integrated datasets of GSE72970, GSE14333 [14],
GSE17538 [15], and GSE29621 [16], collectively referred
to as bData_3. Batch effect correction and integration
were performed using the “sva” R package. Four CRC
single-cell transcriptome datasets were integrated using
the “harmony” R package [17], with data quality control
performed using the “Seurat” R package [18]. Addition-
ally, four CRC spatial transcriptomics (ST) datasets from
Wu et al. were utilized [19]. Cell-cell communication
analysis was conducted using the “CellChat” R package
[20]. High-dimensional weighted gene co-expression
network analysis (hdWGCNA) was performed with
the “hdWGCNA” R package [21], while conventional
WGCNA analysis employed the “WGCNA” R package
[22]. Survival analysis, including overall survival (OS)
and relapse-free survival (RFS), was performed using the
“survival” and “survminer” R packages. Gene Set Varia-
tion Analysis (GSVA) was conducted using the “GSVA”
R package, employing the ssGSEA algorithm for gene set
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scoring. Gene Set Enrichment Analysis (GSEA), Gene
Ontology (GO), and KEGG pathway analysis were exe-
cuted using the “clusterProfiler” R package. The “KEGG”
and “HALLMARK” gene sets were retrieved from the
Molecular Signatures Database [23] (MSD). The gene
set used to calculate the EMT score in this study was
derived from the “HALLMARK” gene set. Immunobhis-
tochemical analysis of TAGLN expression in CRC tis-
sues was conducted using The Human Protein Atlas [24].
The detailed methodologies for single-cell and spatial
transcriptomic data processing, cell annotation, cell-cell
communication analysis, hdAWGCNA, and WGCNA are
described in a previous study [25]. Based on the CIBER-
SORT algorithm, the infiltration levels of 22 immune cell
types in bulk sequencing data were deconvoluted [26].
The CPTAC (Clinical Proteomic Tumor Analysis Con-
sortium) database (https://www.pdc.cancer.gov/pdc/bro
wse/filters/disease_type:Colon-20Adenocarcinoma) was
used to analyze the differences in TAGLN protein expres-
sion between normal colon tissues and CRC tissues.

Immunotherapy analysis

In this study, the Tumor Immune Dysfunction and Exclu-
sion (TIDE) database was utilized to evaluate immune
dysfunction and exclusion scores in CRC samples. This
analysis aimed to investigate the mechanisms of immune
evasion in CRC and their correlation with EMT scores.
The TIDE algorithm calculates two critical components:
T-cell dysfunction in tumors with high infiltration of
cytotoxic T lymphocytes (CTLs) and T-cell exclusion
in tumors with low CTL infiltration. Additionally, TIDE
predicts the response of CRC patients to immune check-
point blockade therapy, specifically anti-PD-L1 treatment
[27]. Furthermore, the study analyzed the Imvigor210
cohort, a publicly available dataset comprising urothe-
lial carcinoma patients treated with anti-PD-L1 therapy
(atezolizumab) [28].

Immune cell infiltration analysis

This study employed three immune infiltration assess-
ment algorithms—Xcell, EPIC, and MCPcounter—to
quantitatively analyze the composition of immune and
stromal cells in the TME of CRC based on bulk tran-
scriptomic data. The corresponding R packages, “xCell,
“EPIC; and “MCPcounter;” were used for these analyses.

Consensus molecular subtypes (CMSs)

The CMS classification proposed by Justin Guinney et al.
in 2015, categorizing CRC samples into four subtypes—
CMS1 (immune subtype), CMS2 (classical subtype),
CMS3 (metabolic subtype), and CMS4 (mesenchymal
subtype)—was applied in this study [29]. Subtype assign-
ment for the CRC cohorts was performed using the
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“Lothelab/CMScaller” R package, which classifies patient
samples based on TCGA CRC data.

Construction and comparison of prognostic risk models
The prognostic risk model in this study was developed
using the leave-one-out cross-validation (LOOCYV)
framework established by Zaoqu Liu et al. [30]. We sys-
tematically searched the PubMed database using the
keywords “Colorectal Neoplasms“[Mesh] OR “colorec-
tal cancer” OR “colon cancer” OR “rectal cancer” OR
“CRC” AND risk signature, and collected published CRC
prognostic gene signatures (inclusion criteria: prognos-
tic models comprised solely of protein-coding genes).
Subsequently, the feature genes from these models were
matched against the expression profiles from three inde-
pendent CRC cohorts (bData_1, bData_2, and bData_3)
in our study. Finally, using the C-index as an evaluation
metric, we performed a comprehensive performance
comparison among the published prognostic models, our
EMT-TME score, and the EMT-TME risk model.

Statistical analysis

All statistical analyses were conducted using R version
4.3.0. Differential gene expression analysis was performed
with the “limma” R package. Correlations were assessed
using Spearman’s rank correlation test, and group com-
parisons were conducted using the Wilcoxon rank-sum
test. All in vitro experiments were performed in tripli-
cate, with results expressed as mean*standard devia-
tion. Statistical significance was set at P<0.05 (*P<0.05,
**P<0.01, **P<0.001).

Results

Association of EMT scores with clinical progression and
immune suppression

To investigate the clinical relevance and biological char-
acteristics of EMT, we analyzed three bulk transcriptome
datasets of CRC: the TCGA dataset (bData_1), GSE39582
dataset (bData_2), and the integrated dataset compris-
ing GSE72970, GSE14333, GSE17538, and GSE29621
(bData_3) (Fig. 1A). Our findings demonstrated that CRC
patients with higher EMT scores exhibited significantly
reduced OS and RFS (Fig. 1B). EMT scores were nota-
bly lower in patients over 65 years of age and increased
progressively with tumor pathological characteristics,
including T, N, M stages, and clinical staging (Fig. 1C).
HALLMARK gene set enrichment analysis revealed
significant enrichment of pathways related to tumor
metastasis and immune suppression in the high EMT
score group, including IL6_JAK_STAT3_SIGNALING,
IL2_STAT5_SIGNALING, HYPOXIA, TGF_BETA_SIG-
NALING, and KRAS_SIGNALING_UP (Fig. 1D). Addi-
tionally, EMT scores were positively correlated with
tumor immune dysfunction and exclusion (TIDE) scores
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(Fig. 1E). Notably, EMT scores were significantly higher
in patients resistant to immune therapy (anti-PD-1 treat-
ment) compared to those who were sensitive, a finding
validated in the Imvigor210 anti-PD-1 cohort (Fig. 1F).

CAFs are the cell population most closely associated with
EMT

To investigate the cell populations closely linked to EMT,
this study integrated four independent single-cell tran-
scriptomic datasets, encompassing 47 samples. After
quality control, a total of 120,582 cells were retained
for analysis (Fig. 2A). Using classical cell-type mark-
ers, eight major cell populations were identified: T/
NK cells (CD3D), epithelial cells (KRT19), plasma cells
(MZB1), myeloid cells (LYZ), B cells (MS4A1l), fibro-
blasts (COL1A1), endothelial cells (PLVAP), and mast
cells (CPA3) (Fig. 2B—C; Supplementary Fig. 1). Further
analysis revealed a significant increase in EMT scores
in tumor samples, with the highest scores observed in
late-stage (stage IV) patients (Fig. 2D). Among the iden-
tified cell types, fibroblasts exhibited the highest EMT
scores, markedly surpassing those of other cell popula-
tions (Fig. 2E). By combining these findings with bulk
sequencing data and applying three immune infiltration
algorithms (Xcell, EPIC, and MCPCount), we found that
CAFs showed the strongest correlation with EMT scores
(Fig. 2F).

Identification of the EMT subtype TAGLN*Fib

In this study, fibroblast populations were reclustered and
stratified into Low-EMT and High-EMT groups based
on the median EMT score (Fig. 3A-B). Differential gene
analysis between these two groups identified distinct
gene sets (Fig. 3C). To pinpoint core regulatory genes in
the High-EMT group, high-dimensional weighted gene
co-expression network analysis (hdWGCNA) was per-
formed on the fibroblast population (Supplementary
Fig. 2A). This analysis revealed 14 co-expression modules
(Fig. 3D), among which modules 2, 4, 5, 6, 7, and 8 were
significantly enriched in the High-EMT group (Supple-
mentary Fig. 2B—C, Fig. 3E). Further analysis intersected
the top 25 hub genes from these six modules with the
genes upregulated in the High-EMT group (Log2FC>1,
P<0.05), resulting in seven core genes: SPARC, TAGLN,
FN1, MYL9, POSTN, SULF1, and ACTA2 (Fig. 3F). All
seven genes originate from the M7 module, and based
on the KME (Module Eigengene Connectivity) param-
eter, TAGLN is positioned at a higher core regulatory
location (Supplementary Fig. 2D, Fig. 3G). Therefore,
TAGLN was identified as the core regulatory gene in
the High-EMT group. Expression analysis revealed that
TAGLN was significantly upregulated in CAFs com-
pared to normal fibroblasts (NFs) (Fig. 3H). Single-cell
and bulk transcriptomic data further demonstrated that
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Fig. 2 CAFs Are the Cell Population Most Closely Associated with EMT. A. Single-cell transcriptomic landscape of four CRC cohorts, annotated by sample,
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TAGLN expression was highest in stage IV CRC patients
(Fig. 31, Supplementary Fig. 2E). TAGLN was predomi-
nantly expressed in fibroblasts (Fig. 3]), a finding corrob-
orated by immunohistochemical analysis in CRC samples
(Fig. 3K). Ruchi Shah et al. demonstrated that ACTA2
(a-SMA), FAP, MMP2, PDPN, and THY are important
markers of CAFs [31]. We conducted a correlation analy-
sis between TAGLN and these genes, and in three inde-
pendent CRC cohorts, we found that TAGLN exhibited a
significant positive correlation with all of them (Supple-
mentary Fig. 3A). Furthermore, using spatial transcrip-
tomics data, we observed that TAGLN and the markers
ACTA2 (a-SMA), FAP, MMP2, PDPN, and THY1 display

distinct spatial colocalization within CRC tissues, sug-
gesting that these CAF markers may collaboratively par-
ticipate in constructing the tumor microenvironment
(Supplementary Fig. 3B). Based on these findings, fibro-
blasts were classified into TAGLN*Fib and TAGLN-Fib
subpopulations (Fig. 3L). TAGLN expression was highly
correlated with EMT scores in both subpopulations
(R>0.8, P<0.05) (Fig. 3M-N). Spatial transcriptomic
data revealed co-localization of TAGLN*Fib and high
EMT scores within the TME (Fig. 30). ACTA2 (a-SMA)
and FAP have been widely confirmed as classical markers
of CAFs [32, 33]. Finally, multiplex immunofluorescence
analysis confirmed the presence of TAGLN*Fib in CRC
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Fig. 3 Identification of the EMT Subtype TAGLN*Fib. A. Distribution of EMT scores in fibroblasts. B. Stratification of fibroblasts into Low-EMT and High-EMT
groups. C. Volcano plot showing differentially expressed genes between the two groups. D. Hierarchical clustering of co-expression modules in fibro-
blasts. E. Enrichment of 14 co-expression modules in Low-EMT and High-EMT groups. F. Venn diagram of the top 25 hub genes from six modules and
highly expressed genes in the High-EMT group. G. Co-expression network of the top 25 genes in the M7 module and analysis of KME (Module Eigengene
Connectivity). H. Differential expression of TAGLN in NFs and CAFs. I. TAGLN expression across clinical stages in single-cell datasets. J. TAGLN expression
among eight cell types. K. Immunohistochemical analysis of TAGLN in CRC tissues. L. Single-cell expression profiles of TAGLN*Fib and TAGLN"Fib. M.
Correlation between TAGLN expression and EMT scores. N. Correlation between EMT scores and the TAGLN*Fib subpopulation. O. Spatial transcriptomic
co-localization of TAGLN*Fib and EMT scores. P Multiplex immunofluorescence analysis confirming TAGLN*Fib, with a-SMA/FAP as a CAF marker

tissues, with «a-SMA serving as a CAF marker (Fig. 3P).
These results collectively establish TAGLN*Fib as a EMT
subtype and highlight its pivotal role in CRC progression.

TAGLN*Fib promotes EMT in CRC cells

Furthermore, in vitro experiments were conducted to
validate the expression levels of TAGLN in adjacent non-
tumor tissues and tumor tissues. The results revealed that
TAGLN was significantly overexpressed in tumor tis-
sues (Fig. 4A-B), which was further validated using the
CPTAC database (Supplementary Fig. 4A). Additionally,
TAGLN expression was markedly higher in CAFs than in
normal fibroblasts (NFs), as determined using fibroblasts
derived from four patients in previous studies (Fig. 4C—
D). Subsequently, we utilized CRISPR/Cas9 technology to
knock out TAGLN expression in CAFs. Among the tested
single-guide RNAs (sgRNAs), sg_1 exhibited the highest
knockdown efficiency and was selected for subsequent
experiments (Fig. 4E-F). A co-culture system compris-
ing CAFs and CRC cells was then established, dividing
the samples into three groups: control (no modification),
CAFs with TAGLN knockdown (CAF_Sg-TAGLN), and
negative control CAFs (CAF_Sg-NC) (Fig. 4G). In vitro
assays, including colony formation, CCK-8 prolifera-
tion, and Transwell migration assays, demonstrated that
TAGLN knockdown significantly reduced CRC cell pro-
liferation and migration when co-cultured with CAFs
(Fig. 4H-J). Importantly, Western blot analysis revealed
that TAGLN knockdown markedly suppressed the epi-
thelial-to-mesenchymal transition (EMT) in CRC cells
(Fig. 4K). To confirm these findings in vivo, we injected a
mixture of CAFs and CRC cells (1:4 ratio) into mice, cate-
gorized into three corresponding groups. TAGLN knock-
down significantly decreased tumor volume and weight in
vivo (Fig. 4L—N). Ki67 staining further validated reduced
tumor cell proliferation in the TAGLN knockdown
group (Fig. 40). Similarly, in vivo Western blot analysis
confirmed that EMT markers were significantly down-
regulated in the TAGLN knockdown group (Fig. 4P).
To further validate our in vivo and in vitro findings, we
analyzed three independent CRC RNA-seq cohorts
(bData_1, bData_2, and bData_3). Specifically, based on
the median expression of TAGLN, CRC patient data were
divided into a TAGLN-high expression group (TAGLN_
High) and a TAGLN-low expression group (TAGLN_
Low), and genes that were significantly upregulated in

the TAGLN_High group were subsequently identified.
GSEA results showed that these significantly upregulated
genes were highly enriched in the “epithelial-mesenchy-
mal transition” (EMT) pathway across all three cohorts
(Supplementary Figs. 4B-D), supporting our hypothesis
that TAGLN is involved in the EMT process. The list of
differentially expressed genes between the TAGLN high
and low expression groups in these cohorts is provided in
Supplementary Tables 2, and the detailed GSEA results
are shown in Supplementary Table 3. These results col-
lectively indicate that TAGLN"Fib plays a pivotal role in
promoting CRC cell EMT, proliferation, and metastasis,
both in vitro and in vivo.

TAGLN +Fib as a poor prognostic factor in CRC and its
association with immunosuppression

This study further explored the clinical relevance and
biological characteristics of TAGLN + Fib in CRC. Analy-
sis of bulk RNA-seq datasets with survival information
revealed that high infiltration of TAGLN +Fib was sig-
nificantly associated with reduced OS and RES in CRC
patients (Fig. 5A). Gene Ontology (GO) and KEGG
pathway analyses indicated that TAGLN + Fib is primar-
ily linked to extracellular matrix remodeling and immu-
nosuppression (Fig. 5B). HALLMARK gene set analysis
demonstrated significant positive correlations between
TAGLN +Fib and multiple immunosuppressive path-
ways, including the TGF-B signaling pathway, TNF-«
via NF-«B signaling, hypoxia response, IL6-JAK-STAT3
signaling, and IL2-STAT5 signaling (Fig. 5C, Supple-
mentary Fig. 5). Moreover, TAGLN +Fib infiltration
exhibited a strong positive correlation with TIDE scores,
indicative of immunosuppressive activity (Fig. 5D). Con-
sensus molecular subtypes (CMS) analysis showed that
TAGLN +Fib levels were significantly elevated in the
CMS4 subtype, known for its association with stromal
activation and poor prognosis (Fig. 5E). This finding fur-
ther supports the role of TAGLN +Fib in adverse CRC
outcomes and immunosuppression. Regarding anti-PD-
L1 immunotherapy, CRC patients were stratified into
high and low TAGLN +Fib infiltration groups based on
the median infiltration level. Results revealed that the
high TAGLN +Fib group had a greater proportion of
patients resistant to immunotherapy, a finding validated
using the Imvigor210 cohort (Figs. 5F-G). We lever-
aged three independent CRC RNA-seq clinical cohorts
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Fig. 4 TAGLN*Fib Promotes EMT in CRC Cells. A-B. TAGLN expression levels in adjacent non-tumor and tumor tissues. C-D. TAGLN expression in normal
fibroblasts (NFs) and CAFs. E-F. Validation of TAGLN knockdown efficiency in CAFs using CRISPR/Cas9. G. Schematic representation of the CAF and CRC
co-culture system. H. Results of the colony formation assay. . Outcomes of the CCK-8 proliferation assay. J. Transwell migration assay results. K. Western
blot analysis of EMT-related protein expression in different groups. L. In vivo tumorigenesis experiment using three mouse groups. M. Tumor volume
changes over five weeks in each group. N. Differences in tumor volume and weight among the groups. O. Immunohistochemistry analysis of Ki67 expres-
sion across the groups. P. Western blot analysis of EMT-related proteins in tumor tissues from different groups



Zhang et al. Cell & Bioscience

(2025) 15:66

Page 10 of 21

bData_1-0S bData_1-RFS bData_2-0S bData_2-RFS bData_3-0S bData_3-RFS
B 1.0 TAGLN+Fib 2 10 2 10 TAGLN+Fib > 10 TAELII:l:;m > 1.00 TAGLN+Fib = 1.00 TAELS;:ib
8 08 208 208 2 — High 2 L0715 — High
Q a7 2 208 2 2
[ e 2 2 2 2
206 S Sos = = So%0
= 3 3 Tos 3 3
s - 025
S HR =1.55 (1.09 = 2.20) E 0.4 {HR = 5.03 (2.42 - 10.45) g 04 HR = 1.66 (1.19 - 2.3: E HR = 2102 ¥ S 77 (1.23 - 2.54) 5
? 024P=0015 @ |P<oo0t @ |P=0003 P 0.4{P <0001 @ P=0002 ? w0
T T T T T T T T T T T T T T T T T T T T T T T .00 = T T T T
0 1000 2000 3000 4000 0 3 6 9 12 0 4 8 12 |6 0 2 4 0 3 6 9 o 1 2 3 4
Time (days) Time Time Time Time Time
Low 318106 2311 5 Low {19955 113 1 Low f48t 2727314 2 Low {502 193 30 4 Low {10262 9 2 Low {129 103 40 10 4
High+325 98 17 5 1 High43s 11 1 1 0| High{e8 44 o 4 o | High472 19 6 0 High{319 154 44 11 High{205 152 63 17 0
cc , MF KEGG )
secretory granue lumen | - ) 8P cot-subarate achesion] gycosaminogiycantinding | (D) Protecgiyeans ncancer | D)
contactie fver{| - ilE) blood coagulation{ () siructural constituent of ytoskeleton | () Oiabetic cardiomyopatny| )
ribosome { () regulation of actn fiament-based process | ) cadherin binding { - Z) Motor proteins { - l®)
fibosomal subunit{ | ) actin flament organization { ) collagen binding { O] Huntington disease { | iz
collagen-contalning extracelluar matrix | + wound heaiing integrin binding { G Cyokine-cytokine receptor interacton{ )
actn cyoskelelon |+~ E) external encapsulating structure organization { ) actin lament binding { ) Tightjunction{ 7
BRI B — PPN [ — e e T G — )
cell-substrate junction | | ) axtracelular malrx orgarizaton | ) Structural constitent of rbosome ) Focal adnesion | |-
focaladhesion{ o) cytoplasmic ansiation ) actin binding e ECH-recepiorinkeracton| =¥ )
I ————
0 10 20 30 40 50 10 20 10 20 10 15 20
c ~Log10(P-value) ~Log10(P-value) ~Log10(P-value) ~Log10(P-value)
bData_1
Spearman - Q
© 3 " ¥ Q2 R=0.436
2 H z 3 084 P<0001 Q2
5 o090 < E 4
2 1 = & S
) 0.86 (= o o7 @
g 12 £ 12
o o} ] i<
u' 082 o EE 3 @
o . < S . o
= } £ o 1 2
l = = !
000 025 050 075 1.00 000 025 050 075 1.00 000 025 050 0.75 1.00 0.00 0.25 0.50 075 1.00 000 025 050 075
TAGLN+Fib TAGLN+Fib TAGLN+Fib TAGLN+Fib TAGLN+Fib
12-
D bData_1 bData_2 bData_3 E
Spearman ° %o ., H Spearman ° I Spearman o0-
, |R=0685 ° : R=0.669 S . 2
P <0.001 . 24 P<0.001 * 13
Z 0s-
14 * e
w w w TAGLN+Fib &
E 04 E e E3 low :
E3 high
04-
. i
) H
© o '3 -
oo ; % o o . :
o %9 H o Chist clis2 ciss Cnisa
(=14) =23 n=15) (0=28)
000 025 050 075 1.00 000 025 050 075 100 000 025 050 075 100 CMS Group
TAGLN+Fib TAGLN+Fib TAGLN+Fib
F bData_1 bData_2 bData_3 G Imvigor210
100 4 £<0.001 100 4 P<0.001 100 4 AL0.001 100 4 RL0.001
751 754 75 75 4
R R R B
5 s S Type S Type
£ 50 | £ 504 | £ 504 I O Responder £ 5 O Response
2 g S [0 NO_Responder & I Non-response
3 79% o 80% o 79% o
a a o a
254 254 25 25
31% 35% 38%
0 T T 0 T T T T 0 -
TALGN+Fib Low High TALGN+Fib Low High Low High TALGN+Fib Low High
3 Control
H bData_1 bData_2 bData_3 | CAF_Sg-TAGLN
TAGLN:+Fib TAG TAG s £33 CAF_Sg-NC
Macrophages M2 R=0376 Macrophages M2 Macrophages M2 S 30 -
Macrophages MO R =0.304 Neutrophils Neutrophils K
Mast cells resting —o R=0.152 Macrophages MO Macrophages M1 =
Macrophages M1 — R=0.149" Macrophages M1 Macrophages MO H
Neutrophils — R=-0.148" Mast cells resting Mast cells resting -
B cells naive —o R-0.131" B cells naive B cells naive (]
Dendritic cells resting e R=0065™ Pvalue T cells gamma delta T cells gamma delta )
T cells regulatory Tregs nd R =0.056" 075 T cells CD4 naive T cells CD4 naive a
T cells CD4 naive 3 R=0018™ Eosinophils Eosinophils >
T cells gamma delta R=0011" 0.50 NK cells resting T cells follicular helper )
NK cells resting R=-0.000" | 0.25 T cells follicular helper < Dendritic cells resting L ©
Eosinophils o R=-0032" Denditc cells resting NK cells resting R c
T cells CD8 o R =-0.042" |Cor| T cells CD4 memory activated o NK cells activated o g
T cells follicular helper | NK cells activated o T cells CD4 memory activated o
o T cells CDB - T cells CDB o— 2
NK cells activated o— Mast cells activated - T cells regulatory Tregs - =
Plasma cells *— Dendritic cells activated o Mast cells activated o &
Mast cells activated *— B cells memory o— B cells memory — [
T cells CD4 memory activated o— T cells regulatory Tregs  ~ @—— Denditic cells activated | @— o
o— Plasma cells 1 @—— Plasma cells 1 @——
Dendritic cells activated T cells CD4 memory resting T cells CD4 memory resting 4 @———
T cells CD4 memory resting 48— Monocytes {@——— Monocytes {B———
-02 00 02 04 -02 00 04 -02 00 ¥
Correlation Correlation Correlation M2 Marker

Fig. 5 (See legend on next page.)



Zhang et al. Cell & Bioscience (2025) 15:66

(See figure on previous page.)

Page 11 of 21

Fig.5 TAGLN+Fibasa Poor Prognostic Factorin CRCand Its Association with Immunosuppression. A. Survival curves for OS and RFS based on TAGLN + Fib
infiltration. B. GO and KEGG analyses of TAGLN + Fib-related pathways. C. Correlation between TAGLN +Fib and immunosuppressive pathways. D. Cor-
relation of TAGLN +Fib with TIDE scores. E. TAGLN + Fib levels across CMS subtypes. F-G. Proportional distribution of immunotherapy response in high
and low TAGLN + Fib groups. H. Correlation analysis between TAGLN*Fib and immune cells in three independent CRC cohorts based on the CIBERSORT
algorithm. I. RT-gPCR analysis of the relative expression levels of M2-like macrophage markers (Arg1, CD206, Ym1, and Fizz1) in tumors from three mouse

groups (Control, CAF_Sg-TAGLN, and CAF_Sg-NC)

(bData_1, bData_2, and bData_3) to further elucidate the
correlation between TAGLN*Fib infiltration and immune
cell infiltration levels in tumor tissues. We found that
the degree of TAGLN*Fib infiltration was most strongly
and significantly positively correlated with M2-like mac-
rophages (Fig. 5H). Previous studies have demonstrated
that M2 macrophages are closely associated with tumor
immune suppression and resistance to immunotherapy
[34]. Consequently, we performed RT-qPCR on tumor
tissues from three groups in our mouse model (Con-
trol, CAF_Sg-TAGLN, and CAF_Sg-NC) to evaluate
the expression changes of key M2 macrophage mark-
ers (Argl, CD206, Ym1, and Fizzl). The results revealed
that, compared with the Control group, the expression of
M2 macrophage markers was significantly decreased in
the CAF_Sg-TAGLN group and significantly increased
in the CAF_Sg-NC group (Fig. 5I). These findings fur-
ther support the immunosuppressive characteristics of
TAGLN'Fib.

TAGLN +Fib is closely associated with Epi_3 (MMP7 + Epi)
and Mye_5 (SPP1 + Macro)

To further explore the interaction between TAGLN + Fib
and other cell populations, cellular communication
analysis revealed that TAGLN +Fib exhibited stronger
signaling output compared to TAGLN-Fib (Fig. 6A, Sup-
plementary Fig. 6A), particularly toward tumor epithelial
and myeloid cells (Fig. 6B-C, Supplementary Fig. 6B-E
and 7 A-D). Subsequently, epithelial and myeloid cells
were re-clustered into nine epithelial subclusters and
eight myeloid subclusters, respectively (Fig. 6D). Nota-
bly, the Epi_3 (MMP7 +Epi) and Mye_5 (SPP1 + Macro)
subclusters displayed significantly elevated EMT scores
(Fig. 6E). Gene set variation analysis (GSVA) further
indicated that the Epi_3 subcluster exhibited biological
features associated with metastasis, whereas the Mye_5
subcluster showed characteristics related to immunosup-
pression (Figs. 6F-G). Correlation analyses demonstrated
a strong positive relationship between both Epi_3 and
Mye_5 and EMT scores as well as TAGLN + Fib (Fig. 6H,
Supplementary Fig. 8A). Moreover, cellular communica-
tion analysis revealed that TAGLN + Fib had the strongest
signaling interactions with Epi_3 and Mye_5 compared
to other subclusters, exhibiting enhanced signal trans-
mission capabilities (Fig. 61, Supplementary Figs. 8B-C).
To further investigate how TAGLN'Fib interacts with
MMP7*Epi and SPP1*Macro, we performed an in-depth

analysis using spatial transcriptomics data. The results
clearly demonstrated that Epi_3 (MMP7*) cells exhibit
obvious proximity or colocalization with TAGLN*Fib,
and Mye_5 (SPP1*Macro) cells also show a colocaliza-
tion pattern with TAGLN'Fib (Fig. 6], Supplementary
Figs. 8D and 30). This close spatial relationship greatly
enhances the potential for communication between
TAGLN"Fib and both MMP7*Epi and SPP1*Macro cells.
These findings establish a close association between
TAGLN +Fib and Epi_3 (MMP7 +Epi) as well as Mye_5
(SPP1+ Macro), highlighting the importance of these
interactions in the TME.

Development of a CRC prognostic risk model based on
EMT TME scores

In previous analyses, TAGLN +Fib was identified as a
poor prognostic factor for CRC and exhibited immuno-
suppressive characteristics. Furthermore, the communi-
cation between TAGLN +Fib and Epi_3 (MMP7 + Epi)
and Mye_5 (SPP1+ Macro) was particularly significant,
with Epi_3 demonstrating metastasis-related features and
Mye_5 showing immunosuppressive traits, both display-
ing high EMT scores. To further elucidate these inter-
actions, this study analyzed the ligands mediating the
effects of TAGLN +Fib on Epi_3 and Mye_5. The analy-
sis revealed that in Mye_5, the strongest ligand-receptor
interactions involved COL1A2-CD44, COL1A1-CD44,
and APP-CD74 (Fig. 7A). Similarly, in Epi 3, the most
significant interactions included COL1A2/COL1Al-
SCD4/SCD1/CD44/(ITGA3 +ITGB1) (Fig. 7A). Addi-
tionally, we found that both Epi_3 and Mye_5 are
associated with poor prognosis in CRC (Supplementary
Fig. 9A). Using these ligands and the characteristics of
the three cell types (TAGLN +Fib, Epi_3, and Mye_5),
the study constructed an EMT_TME Score based on
the ssGSEA algorithm (Fig. 7B). The EMT_TME Score
was found to be closely associated with CRC prognosis
and identified as a marker of poor outcomes (Fig. 7C).
Furthermore, the ligand signature showed the strongest
correlation with the EMT_TME score (R>0.9, P<0.05),
followed by TAGLN*Fib (R>0.8, P<0.05), Mye_5 (R>0.7,
P<0.05), and Epi_3 (R>0.6, P<0.05) (Supplementary
Fig. 9B). To further investigate, the EMT_TME Score
was stratified into high and low groups based on the
median in the bData_1 cohort, followed by WGCNA
analysis (Fig. 7D). Among the results, the MEblue mod-
ule was significantly enriched in the high EMT_TME
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Fig. 6 TAGLN +Fib is Closely Associated with Epi_3 (MMP7 +Epi) and Mye_5 (SPP1+Macro). A. 2D plot showing the signal reception and transmission
strengths of each cell type. B. Number and weight of interactions among cell types. C. Heatmap illustrating communication strengths between cell types.
D. Single-cell transcriptomic maps of nine epithelial and eight myeloid subclusters. E. Differences in EMT scores across epithelial and myeloid subclusters.
F-G. Heatmaps of GSVA results for epithelial and myeloid subclusters. H. Correlation analysis between Epi_3, Mye_5, EMT scores, and TAGLN +Fib. I. Com-
munication analysis of TAGLN + Fib with epithelial and myeloid subclusters. J. The spatial transcriptomics results demonstrate the spatial localization of

Epi_3 (MMP7 +Epi) and Mye_5 (SPP1+Macro)

Score group (Fig. 7E), and its scores were strongly posi-
tively correlated with the EMT_TME Score, with cor-
relation coefficients exceeding 0.9 (Fig. 7F). GO and
KEGG analyses of the MEblue module revealed biologi-
cal characteristics related to extracellular matrix remod-
eling and immunosuppression (Fig. 7G), highlighting its
potential for constructing a CRC prognostic risk model.
The study initially used univariate Cox regression analy-
sis to identify genes associated with CRC prognosis.
Subsequently, 101 combinations of 10 machine learning
algorithms were employed to develop a CRC prognostic
risk model using the bData_1 cohort as the training set,
with bData_2 and bData_3 serving as validation sets. The
Lasso + plsRcox combination achieved the highest aver-
age C-index (Fig. 8A). The model included 10 risk genes,
with detailed risk coefficients provided in Supplemen-
tary Table 4. Using the expression of these risk genes and
their respective coefficients, risk scores were calculated
for each patient in the training and validation sets. The
results showed that higher risk scores were associated
with increased mortality in CRC patients, a trend vali-
dated in the Meta cohort (integrating bData_1, bData_2,
and bData_3) (Fig. 8B). Compared to the low-risk group,
the high-risk group exhibited significantly reduced OS
and RFS (Fig. 8C). Multivariate Cox regression analysis
further confirmed that the risk score was an independent
poor prognostic factor for OS and RES in CRC patients,
even when combined with clinical staging (Fig. 8D). In
this study, we collected 195 published CRC prognostic
gene signatures (Supplementary Table 5). Subsequently,
we matched the expression profiles of the feature genes
from these 195 models in our three independent CRC
cohorts (bData_1, bData_2, and bData_3), among which
126 models had complete gene expression data. We then
performed a comprehensive performance comparison
using the C-index between these 126 published prog-
nostic models and our EMT-TME score and EMT-TME
risk model. The results demonstrated that the EMT-TME
score exhibited robust prognostic performance across
all three CRC cohorts as well as in the integrated Meta
cohort, ranking 2nd in bData_1, 4th in bData_2, 7th in
bData_3, and 5th in the Meta cohort (Supplementary
Fig. 10). Moreover, our EMT-TME risk model showed
outstanding prognostic performance, ranking 2nd in
bData_2 and 1st in bData_1, bData_3, and the Meta
cohort, indicating excellent prognostic predictive abil-
ity and significant clinical potential (Supplementary

Fig. 10). Regarding immunotherapy, patients in the high-
risk group demonstrated a higher proportion of treat-
ment resistance (Fig. 8E). This finding was validated in
the Imvigor cohort, which showed poorer prognosis
and a higher proportion of immunotherapy-resistant
patients in the high-risk group (Fig. 8F). In summary, this
study developed a CRC prognostic risk model based on
EMT TME scores. This model effectively stratifies CRC
patients by prognostic risk and predicts their sensitivity
to immunotherapy, providing a valuable tool for clinical
decision-making and potentially broader applications in
personalized CRC management.

Biological characteristics of the constructed risk model

The risk model developed in this study exhibits bio-
logical features associated with extracellular matrix
(ECM) remodeling and immune suppression. To inves-
tigate these characteristics, we identified differentially
expressed genes between the high- and low-risk groups
in the training cohort (bData_1) and validation cohorts
(bData_2 and bData_3), subsequently determining their
shared genes (Figs. 9A—B). Gene set enrichment analysis
(GSEA) based on the HALLMARK and KEGG datasets
revealed that the risk model was primarily enriched in
biological pathways such as EMT and the TGEp signaling
pathway (Fig. 9C). Furthermore, risk-associated genes,
including MID2, KCNE4, SCG2, CILP, CRYAB, GJAl,
and RGS16, as well as the risk scores, were predomi-
nantly enriched in fibroblast populations (Figs. 9D-E).
Notably, compared to the low-risk group, the high-risk
group demonstrated significantly enhanced cellular com-
munication strength between fibroblasts, tumor epithe-
lial cells, and myeloid cells (Fig. 9F). In conclusion, the
risk model developed in this study not only highlights
ECM remodeling and immune suppression as its primary
biological characteristics but also underscores the height-
ened intercellular communication between fibroblasts,
tumor epithelial cells, and myeloid cells, potentially driv-
ing CRC progression.

Discussion

This study systematically elucidates the relationship
between EMT scores, CRC prognosis, and immunother-
apy responsiveness by integrating six bulk transcriptomic
datasets and four single-cell transcriptomic datasets. The
core findings highlight the following: EMT scores are
associated with poor prognosis and immune suppression
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in CRC; TAGLN'Fib, a critical EMT subtype within
CAFs, exhibit pro-metastatic and immunosuppressive
functions; and TAGLN knockdown significantly inhib-
its EMT progression in CRC cells and reduces tumor
burden. Furthermore, the risk model constructed based
on EMT-TME scores derived from TAGLN*Fib demon-
strated robust prognostic and immunotherapy response
stratification capabilities across multi-center datasets.
These findings provide valuable insights into CRC pro-
gression mechanisms and individualized therapeutic
optimization.

An EMT score was developed based on an EMT
gene set, revealing significant associations with OS,
RFS, advanced tumor features, and immune suppres-
sion pathways in CRC patients. Notably, patients with
high EMT scores exhibited greater resistance to immu-
notherapy, indicating that the EMT process plays a piv-
otal role in tumor progression and immune evasion,
potentially by remodeling the TME [5, 7]. Tumor cells
employ diverse immunosuppressive strategies to regulate
immune responses and evade immune surveillance, such
as upregulating immune checkpoint molecules, secret-
ing immunosuppressive chemokines and cytokines, and
recruiting immunosuppressive cells within the TME [35].
Research has shown that cancer cells leverage EMT as a
survival strategy, enabling them to evade immune sur-
veillance and resist therapy-induced cell death [36]. EMT
enhances tumor cell migratory and invasive capacities,
driving metastasis while reshaping the TME to induce
an immunosuppressive state [37]. EMT has also been
implicated in therapeutic resistance across various can-
cers, including resistance to anti-PD-L1 therapies (e.g.,
nivolumab and pembrolizumab) and anti-CTLA-4 thera-
pies (e.g., ipilimumab) [38]. This resistance may be driven
by mechanisms such as the activation of pro-survival sig-
naling pathways, enhanced DNA repair mechanisms, and
the acquisition of stem-like traits. For instance, upregu-
lation of the P-catenin (CTNNBI1) signaling pathway
promotes immune evasion in hepatocellular carcinoma,
contributing to resistance against anti-PD-L1 therapies
like nivolumab [38]. The EMT process suppresses anti-
tumor immune responses while enhancing immunosup-
pressive factors, such as TGF-f, IL-8, IL-10, and VEGEF,
which inhibit T-cell function and attract regulatory T
cells (Tregs), myeloid-derived suppressor cells (MDSCs),
and M2 macrophages. This creates an immunosuppres-
sive microenvironment that shields cancer cells from
recognition and attack by natural killer (NK) cells and
cytotoxic CD8* T cells. Furthermore, EMT facilitates the
generation of chemoresistant cancer stem cells (CSCs)
with immune evasion properties, further exacerbating
therapeutic resistance [39].

Understanding the mechanisms of EMT-related
immune evasion and therapeutic resistance is critical for
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developing effective strategies to address the challenges
of cancer treatment. However, existing research has pre-
dominantly focused on tumor cells, with limited explora-
tion of the roles of other cell types within the TME. In
this study, we utilized single-cell and spatial transcrip-
tomic data to comprehensively analyze EMT-associated
cell subpopulations, identifying TAGLN* fibroblasts
(TAGLN'Fib) as a key CAF subtype involved in tumor
progression. CAFs are not considered a homogenous
population anymore, with newly research focusing on
this. TAGLN (transgelin) is a protein closely associated
with cytoskeletal remodeling [40]. While previous stud-
ies have linked TAGLN to CRC metastasis and poor
prognosis [41, 42], its precise mechanism of action has
remained unclear. However, TAGLN expression is not
isolated; rather, it is closely associated with other widely
recognized CAF markers and key drivers, such as ACTA2
(a-SMA), FAP, MMP2, PDPN, and THY1 [31-33]. Spatial
transcriptomics data further clarified that these markers
exhibit clear spatial colocalization within CRC tissues.
ACTA2 (a-SMA) and FAP have been widely confirmed as
classical markers of CAFs and are typically closely associ-
ated with high tumor invasiveness, immunosuppression,
and poor prognosis [32, 33]. Multiplex immunofluores-
cence analysis confirmed the co-expression of TAGLN
with ACTA2 (a-SMA) and FAP in CAFs. However, it is
noteworthy that although TAGLN exhibits high network
connectivity among multiple CAF-related genes, we do
not contend that its function necessarily supersedes or
replaces other classical CAF markers; rather, we empha-
size its central regulatory role within a specific EMT-
related CAF subpopulation. This understanding provides
an important reference for subsequent targeted interven-
tions aimed at modulating the function of specific CAF
subpopulations. CRISPR-Cas9 knockdown experiments
further revealed that TAGLN is a central regulator of
EMT, significantly promoting tumor cell proliferation,
migration, and EMT processes. In vivo experiments
showed that TAGLN deletion markedly reduced tumor
burden and suppressed EMT-associated phenotypes.
Moreover, TAGLN*Fib was strongly associated with poor
prognosis in CRC patients, underscoring the clinical sig-
nificance of TAGLN as a potential therapeutic target.
These findings have important implications for the clini-
cal management of CRC. First, the functional role and
potential mechanism of TAGLN*Fib in the EMT pro-
cess of CRC were clarified. Elevated TAGLN expression
not only serves as a predictor of poor clinical outcomes
but also represents a potential biomarker for interven-
tions targeting EMT-related pathological processes. In
the future, targeted therapies against TAGLN'Fib, such
as antibodies or small-molecule inhibitors, could provide
innovative treatment options for patients with advanced
CRC.
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Fig. 7 Identification of Co-Expression Modules for EMT TME Scores. A. Heatmap of ligand-receptor interaction strength between TAGLN +Fib, Epi_3,
and Mye_5. B. EMT_TME Score construction using the ssGSEA algorithm. C. Survival curve analysis of EMT_TME Score for OS and RFS. D. WGCNA analysis
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This study revealed that TAGLN*Fib exhibit significant
immunosuppressive characteristics, with high infiltra-
tion of TAGLN*Fib correlating with greater resistance
to immunotherapy. Notably, TAGLN*Fib was mark-
edly enriched in the CMS4 subtype of CRC consensus
molecular classification, which is associated with poor
prognosis, increased metastasis, heightened immu-
nosuppression, and suboptimal response to immu-
notherapy [29]. These findings further validate the

immunosuppressive properties of TAGLN*Fib. How does
TAGLN"Fib contribute to immunosuppression? Cellu-
lar communication analysis demonstrated significantly
enhanced interactions between TAGLN*Fib and tumor
epithelial cells as well as myeloid cells, particularly with
Epi_3 (MMP7*Epi) and Mye_5 (SPP1*Macro). In this
study, we found that TAGLN"Fib exhibited a close spa-
tial colocalization with MMP7* tumor epithelial cells
(Epi_3) and SPP1* macrophages (Mye_5), suggesting that
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TAGLN"Fib may interact with the Epi_3 and Mye_5 sub-
populations to promote the EMT process and remodel-
ing of the tumor immune microenvironment in CRC.
MMP7, a critical regulator of EMT and tumor metas-
tasis, is highly expressed in poor-prognosis cases [43,
44]. SPP1*Macro promotes tumor progression through
various mechanisms, including enhancing immunosup-
pression, driving tumor invasion and metastasis, and
remodeling the TME [45]. Furthermore, SPP1*Macro
has been shown to synergize with CAFs to establish
immunosuppressive networks [46]. This study further
identified that TAGLN*Fib exerts its effects through
receptor-ligand axes, such as COL1A2/COL1A1-SCD4/
SCD1/CD44/(ITGA3+ITGB1) targeting MMP7*Epi,
and COL1A2-CD44, COL1A1-CD44, and APP-CD74
targeting SPP1*Macro. These axes are well-documented
drivers of tumor metastasis, immune evasion, and TME
remodeling [47-50]. Therefore, we hypothesize that
TAGLN*Fib may synergistically drive CRC progression
and immune evasion through receptor-ligand inter-
actions with MMP7*Epi and SPP1*Macro cells. Based
on the involvement of TAGLN*Fib, MMP7*Epi, and
SPP1*Macro, this study developed the EMT_TME Score,
which emerged as a predictor of poor prognosis in CRC.
The EMT_TME Score indicated that these three ele-
ments collectively drive CRC progression and holds
potential as a tool for developing prognostic models.
Using machine learning, we constructed a risk prognos-
tic model based on the EMT_TME Score, which demon-
strated robust predictive performance across multicenter
validation cohorts. In recent years, numerous gene sig-
nature-based models have been proposed for prognostic
prediction in CRC patients, yet systematic comparisons
of their performance differences remain lacking [51, 52].
In this study, we rigorously compared the performance
of our proposed EMT-TME score and its associated risk
model with 126 published CRC prognostic gene mod-
els. The results demonstrated that the EMT-TME score
performed well and ranked among the top models across
three independent CRC cohorts as well as an integrated
Meta cohort. Notably, the risk model based on the EMT-
TME score consistently ranked first in multiple cohorts,
exhibiting excellent predictive performance. These find-
ings indicate that models built on EMT-related tumor
microenvironment characteristics possess strong prog-
nostic predictive capabilities. The model effectively strati-
fied CRC patients by prognostic risk and predicted their
sensitivity to immunotherapy, such as anti-PD-L1 ther-
apy. This work provides an invaluable resource for clini-
cians in designing personalized treatment strategies. The
EMT_TME Score has significant potential for broader
clinical application, offering a practical tool to enhance
CRC management and therapeutic decision-making in
the future.
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Although this study revealed the critical role of
TAGLN'Fib in CRC progression and immunosuppres-
sion and developed an EMT-TME scoring risk model
with clinical relevance, several limitations remain. First,
although multiple CRC bulk transcriptomic and single-
cell datasets were integrated to ensure the broad appli-
cability of the results, the data were primarily derived
from public databases and may exhibit sample hetero-
geneity and batch effects. Despite employing methods
to remove batch effects, these factors might still influ-
ence the results. Second, while functional experiments
both in vitro and in vivo validated the biological func-
tion of TAGLN, these experiments focused solely on a
single aspect of TAGLN’s function. Further systematic
studies are needed to investigate the dynamic changes
of TAGLN*Fib under different tumor environments
or treatment conditions, as well as its interactions with
other cells in the tumor microenvironment. In particu-
lar, regarding the regulatory effects of TAGLN*Fib on
the functions of MMP7*Epi or SPP1*Macro cells, this
study only proposed these hypotheses based on spatial
transcriptomics and single-cell communication analyses,
lacking definitive histological evidence and functional
experimental validation. This represents an important
limitation of the study; future research should include in
vitro co-culture experiments (e.g., using blocking agents
or specific gene knockout techniques) and more refined
histological analyses to further elucidate the functional
communication mechanisms between TAGLN*Fib and
MMP7*Epi/SPP1*Macro cells, thereby providing a more
solid theoretical basis for clinical interventions targeting
CAF-mediated CRC progression. Finally, although the
EMT-TME scoring risk model constructed in this study
demonstrated good prognostic performance in multiple
multicenter cohorts, its stability and generalizability still
need to be validated in larger-scale prospective clinical
studies.

Conclusion

In summary, this study establishes a strong association
between EMT scores and CRC prognosis and immu-
notherapy response, identifies the crucial role of the
TAGLN"Fib subtype in tumor progression and immuno-
suppression, and develops a EMT-TME Score-based risk
model. These findings provide significant insights and a
valuable reference for personalized treatment and preci-
sion medicine in CRC management.
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