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Abstract
Background: Colorectal cancer (CRC) ranks second for mortality and third for morbidity among the most
commonly diagnosed cancers worldwide. Tumor microenvironment (TME) has been reported to correlate
with CRC outcomes and treatment e�cacy. Single-cell RNA sequencing (scRNA-seq) is an indispensable
tool for unravelling cellular heterogeneity and deconstructing tissues into cell types, offering enormous
potential for new discoveries.

Methods: The single-cell RNA-seq pro�les included 10,398 cells from 10 human CRC samples (accession
number GSE146771), which were obtained from the Gene Expression Omnibus (GEO,
http://www.ncbi.nlm.nih.gov/geo/) database. We identi�ed 8 major cell types and 25 subgroups of cells
derived from tumors, para-tumors, and peripheral blood to investigate the intratumoral heterogeneity and
convergence of CRC.

Results: This study established the heterogeneity, convergence, and differentiation trajectory of immune
cells and stromal cells within CRC tissues. We also identi�ed the terminal stage of each cell type of
metabolism remodeling and immunosuppressive phenotypes. SCENIC analysis revealed the potential
targets of transcriptional factors to reverse this process. Based on the cell subgroup fractions calculated
by CIBERSORTx and the clinical data in The Cancer Genome Atlas (TCGA), we constructed a new
prognosis model of CRC.

Conclusions: This study provides a new perspective for understanding the heterogeneity and convergence
of the TME and will aid the development of immunotherapies and prognosis of CRC patients.

Background
Colorectal cancer is the third most common cancer worldwide and ranks second for mortality; it caused
over 935,000 deaths in 2020 worldwide58. Due to population growth and aging, by 2035, the number of
deaths is expected to rise in all countries for colon and rectal cancers by 60.0% and 71.5%, respectively3.
Traditional treatments for primary and metastatic colorectal cancer include laparoscopic surgery for
primary disease, resection of the metastatic part, radiotherapy, and chemotherapy15. However, the clinical
prognosis remains unsatisfactory. New immunotherapy treatments and targeted therapies have rapidly
become established as major treatment modes for many types of solid cancers, such as colorectal
cancer. Cancer immunotherapies, including checkpoint inhibitors and adoptive cell therapy, oncolytic
viruses, and cancer vaccines manipulate the immune system to recognize and attack cancer cells.
Molecular targeted therapies interfere with speci�c molecules to block cancer growth, progression, and
metastasis, such as HER2-targeted therapy in breast cancer44, EGFR-targeted therapy in lung cancer27,
and BRAF-targeted therapy in malignant melanoma2.

The tumor microenvironment (TME) comprises various cell types: tumor cells, immune cells, stromal
cells, and extracellular components such as growth factors, cytokines, extracellular matrix, and hormones
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surrounding the cancer cells. Cancer cells have been studied extensively to understand tumor
heterogeneity. However, immune cells and stromal cells have also demonstrated heterogeneity47. CD8 + T
cells are classically subdivided into naïve T cells, effector T cells, and subsets of memory T cells
according to their differentiation state62. Macrophages have been classically divided into two groups; M1
and M2 macrophages. More recently, additional macrophage phenotypes such as M (Hb), Mox, and M4
have emerged30. We identi�ed three mainly unique CD8 + T cell subsets in the CRC, including naïve T
cells, T effector cells, and exhausted CD8 T cells (Tex). Macrophages show extreme heterogeneity and
can be polarized into M1 and M2 depending on their environment. We also detected two �broblast
subtypes in our study.

There has been much effort put into developing new therapeutic strategies to target the TME more
e�ciently. Tumor-associated macrophages (TAMs) and cancer-associated �broblasts (CAFs) were
reported as potential targets for cancer therapies in previous studies56, 59. However, the TME is highly
complex and heterogeneous and understanding the major events occurring in the TME that support
primary tumor growth and how these events impact the modulation of the environment are vital. These
novel treatment strategies require a deeper understanding of intratumoral heterogeneity and the
heterogeneity of cells in the TME during differentiation. We observed that different cell types always
exhibit a common phenotype that promotes tumor progression in the TME. For example, we noticed that
Tex, TAM, and CAF jointly present enhanced lipid metabolism, and increased expression of inhibitory
cytokines and inhibitory immune checkpoints, which accelerate the construction of the tumor
immunosuppressive microenvironment. We supposed that �nding new common and highly expressed
immune checkpoints or transcription factors in these different cell types might represent important
targets for treating CRC.

Immune checkpoint blockade (ICB) can disrupt immune surveillance by cancer cells and has dramatically
altered cancer treatment paradigms. The programmed cell death 1 (PD-1) receptor and cytotoxic T
lymphocyte-associated protein 4 (CTLA-4) have emerged as the dominant inhibitors that regulate T cell
responses in colorectal cancer13, 68. However, they have only been effective in patients with metastatic
CRC that is mismatch-repair-de�cient and microsatellite instability-high (dMMR–MSI-H)9. Therefore,
exploring the relationship between immune checkpoints and microsatellite instability (MSI) and
identifying additional inhibitory receptors (IRS) are the foci of our ongoing research.

Single-cell RNA sequencing (scRNA-seq) is an indispensable tool for unravelling cellular heterogeneity
and deconstructing tissues into cell types, offering enormous potential for new discoveries21. Using
scRNA-seq, TME heterogeneity can be discerned. For example, Zhang et al. 72performed scRNA-seq on
CRC samples, including 10 tumors, para-tumors, and peripheral blood samples. To investigate the
intratumoral heterogeneity and convergence in CRC, we performed further bioinformatics analyses based
on Zhang’s data. The scRNA-seq data were used to identify stochastic variations in gene expression
within a single population and reconstruct developmental ‘trajectories’ to reveal cell fates. This helped us
to de�ne key cell populations involved in regulating tumorigenesis and anti-tumor immunity. We observed
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that stromal and immune cells underwent similar metabolic transformations, revealing the heterogeneity
and convergence in each cell type in TME and identifying potential targets for CRC therapies.
Furthermore, we constructed a risk model based on the above cells by correlating the scRNA-seq data
with the data from the TCGA dataset. Finally, we constructed a new clinical prognostic model
incorporating the risktype, the tumor, nodes, and metastasis (TNM) stage, gender, and age. Our work will
help to improve clinical treatment strategies and the prognosis for CRC patients.

Results
We used samples, including tumors, adjacent tumor tissues, and blood from 10 treatment- naïve CRC
patients. After quality control (QC) and �ltering, as described in Methods, we obtained transcriptomes of
10,398 single cells (Fig. 1B). We performed graph-based clustering using SingleR, an R toolkit for single-
cell genomics, to de�ne the major structure of the TME and identi�ed eight cell lineages including CD4 + T
cells, CD8 + T cells, B cells, myeloid cells, innate lymphoid cells (ILCs), �broblast cells, endothelial cells,
and epithelial cells (Fig. 1A). We also identi�ed 52 different sub-clusters and 25 sub-cell types of each
major cell type. We used the markers of each cell subgroup (Figure S1) listed in the CellMarker database
and a previous study for this recognition process (refer to Materials and Methods). The top �ve markers
identi�ed by the differences in the main cell lineages were visualized as a bubble plot (Fig. 1C). Since
cluster 9 in the CD4 + T cells and cluster 8 in the CD8 + T cells contained fewer than 30 cells, these
clusters were not included in the subsequent analyses. Interestingly, when we traced the tissue origins, it
was noted that immune cells, especially Tex, macrophages, TAMs, and dendritic cells (DCs) were highly
enriched in tumor tissues. Furthermore, �broblasts and endothelial cells were also mainly present in
tumor tissues, whereas mast cells were mainly present in peripheral blood. We also noticed that most cell
clusters were enriched in the tumor and adjacent tumor tissues (Figs. 1A, 1B). To investigate the network
of interactions in the TME in CRC, we used CellChat, an R package used to analyze cell-cell
communication molecules, to calculate potential ligand-receptor pairs. Network visualization was also
performed to visualize the interactions between the many cell types in the TME. Notably, Tex,
macrophages, TAMs, and DCs possessed the most interaction pairs with cells from other lineages (Fig.
3A), revealing the dominant role of macrophages in the TME.

1. CD8+ T cells
The CD8 + T cells were divided into nine sub-clusters and annotated into four cell types; naïve CD8 T cells,
effector memory CD8 T cells, effector CD8 T cells, and Tex (Fig. 2A). To clarify the function of each cell
type, we extracted the marker genes and loaded these into the Metascape (http://metascape.org/) (Fig.
2B, C). Pseudotime analysis was applied to construct a differentiation trajectory, and branch expression
analysis modeling (BEAM) was used to identify differential gene expression pro�les between branches in
the trajectory. The pseudotime trajectory revealed that CD8 T cells became exhausted in the TME, and IRS
expression increased in a stepwise manner; metabolic remodeling occurred gradually (Fig. 2D, E). We
clustered all the transcription factors surrounding the CD8 + T cells by single-cell regulatory network
inference and clustering (SCENIC) analysis and divided them into nine modules using a clustering
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algorithm. Notably, Module 1 transcription factors were signi�cantly activated in Tex (Fig. 3E, F). We
speculated that Module 1 transcription factors were signi�cantly related to the process of T cell
exhaustion.

1.1 Metabolic remodeling in the CD8+ T cell exhaustion
process
Under chronic in�ammation such as during cancer, autoimmunity, and chronic infections, T effector cells
(Teff) transform into Tex12. We identi�ed the differentially expressed genes (DEGs) among the Teff and
Tex and performed enrichment analysis (Fig. 2B, C). Compared to Teff, catabolism-related functions and
pathways were more enriched in Tex. Tex were enriched in the AMPK pathway (Fig. 2C), which serves as
the guardian of metabolism28, whereas Teff were not. Besides the different metabolic patterns, there were
also major energy metabolism differences between Teff and Tex. The glucose metabolic process was
enriched in Teff (P < 0.05), while lipid metabolism processes were enriched in Tex, such as lipid
biosynthesis and the cholesterol metabolic pathway. Gene Set Variation Analysis (GSVA) analysis
demonstrated that, compared to Teff, the lipid and cholesterol metabolic pathways were signi�cantly
highly expressed in Tex (Fig. 2H). Interestingly, although Tex appeared in the catabolic pattern, the
pathways for lipid and cholesterol biosynthesis were also enriched in Tex. Further pseudotime analysis
revealed the CD8 + T cells differentiation trajectory. We observed that normal tissue-derived CD8 + T cells
tended to convert into tumor-in�ltrating T cell subgroups, and Tex were present at the end of the
differentiation trajectory (Fig. 2E). We extracted genes whose expression increased in the differentiation
process and then conducted enrichment analysis. It was not critical whether lipid catabolism occurred as
fatty acid beta-oxidation or lipid anabolism, because fatty acid biosynthesis and omega-3, -6, and − 9
fatty acids (FAs) synthesis were all enriched (Fig. 2F). Subsequently, we choose point 1 in the trajectory
as the turning point since cells before point 1 were naïve cells. Cells after point 1 were classi�ed into two
clusters: cellfate1 and cellfate2. Notably, IRS, including PD-1 and CTLA-4, were highly expressed in
cellfate2 (Supplementary Table 1). Since these molecules are markers of Tex, cellfate2 was very much
involved in the trajectory leading to the differentiation of exhaustion. BEAM analysis revealed that in
cellfate2, genes related to lipid metabolism, such as SREBP, FASN, ACC, HMG-CoA, ACLY, and PPARG were
upregulated. These results implied that the differentiation of T cells was related to lipid metabolism
remodeling, and abnormal lipid accumulation may be the energy source for Tex.

A previous study showed activation of the PPAR pathway in the metabolic regulation of lipid and
lipoprotein levels40. Our DEGS analysis and the Pseudotime analysis showed signi�cant enrichment of
the PPARG pathway. The GSVA also showed that the PPARG pathway was highly expressed in Tex. Based
on these results, we suspect that the lipid metabolism remodeling in Tex is attributed to the activation of
the PPARG pathway.

We performed SCENIC analysis to verify this hypothesis and reveal the abnormal transcriptional
regulatory network of Tex. Without suspension, PPARG was located in the M1 module. This further
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demonstrates that the PPARG transcription factor may play an important role in lipid reprogramming in
Tex. In addition, we also enriched the RORC, NR1D1, and SREBF2 transcription factors in the M1 module,
which are also closely associated with lipid metabolism32, 43, 70. For example, SREBF2 is involved in
cisplatin resistance in ovarian cancer cells and cholesterol metabolic processes76. Our results suggested
that transcription factors (TFs) such as PPARG and SREBF2 may participate in the metabolic remodeling
in Tex and act as latent targets to reverse this process.

1.2 Loss of Tex effector function and the DNA damage
pathway
The loss of Tex effector function is classed into three major categories: (1) cell surface IRS upregulated,
(2) inhibitory soluble factors and environmental factors such as IL10, IL4, TGF-β, and IFNα/β, and (3)
immunosuppressive cells34.

We examined the immune checkpoints in different cell types (Figure **). Notably, IRS, including TIM3,
LAG3, PDCD1 (PD-1), TIGIT, CD27, CTLA-4, and TNFRSF9, were upregulated in Tex. Function enrichment
analysis based on the DEGs showed that Teff was enriched in numerous proin�ammatory pathways
such as the IL-2, -3, -17, and − 18 signaling pathways, whereas Tex was enriched in IL-4 and − 10
immunosuppressive pathways and the PD-1 signaling pathways. GSVA analysis con�rmed these results
(Fig. 2H).

The pseudotime analysis revealed that genes related to IRS were signi�cantly upregulated, and showed
the differentiation of CD8 + T cells, such as PD-1 and CTLA-4. The expression of immunosuppressive-
related genes such as IL4, IL1RN, and IL4I1 was enhanced, whereas expression of immune activation-
related genes such as IL18BP and IL5RA was reduced. This �nding agrees with previous results where T
cell exhaustion usually manifests as a stepwise loss of effector functions during persistent infection.
Typically, functions such as IL-2, TNF, and IFN-γ production are gradually lost66.

CellChat analysis was undertaken to determine further the interaction between Tex and other cells in the
TME. First, we analyzed the immunosuppressive receptors expressed by Tex, including TIGIT, CTLA-4,
ICOS, and PDCD, and found that different cells produced different ligand-receptor modes. Endothelial and
tumor cells mainly secreted PVR and NECTIN2, which acted on the TIGIT receptor on the surface of Tex
cells. CD80 and CD86 secreted by DCs and TAMs interacted with CTLA. Regulatory T cells (Tregs) mainly
secreted CD274 (PD-L1) to act on PDCD1. Furthermore, analysis of the PD-L1 signal pathway regulatory
network showed that Tregs were the main senders of PD-L1, with Tex being the main receivers (Fig. 3B).

However, cytokines such as PVR and NECTIN2 also participate in building the tumor immunosuppressive
microenvironment. Analysis of the PVR pathway regulatory network showed that tumor and endothelial
cells were the main senders, and immunosuppressive cells such as DCs and Tregs were the receivers (Fig.
3D). More interestingly, the �broblast subgroup served as a mediator in this regulatory network, and this
implies that this subgroup could be a potential target for new drugs. The NECTIN2 pathway regulatory
network also showed multiple ligand-receptor modes; DCs, endothelial cells, �broblasts, and TAMs were
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the main senders, and Tregs, Teff, and Tex were the main receivers (Fig. 3C). Because PVR and NECTIN2
can both act on TIGIT, compared to the currently popular PDL1/PDLD1 blockers, TIGIT may not only
reverse the exhaustion state of CD8 T cells but may also improve the tumor immunosuppressive
microenvironment to a certain extent. Hence, we hypothesized that inhibition of TIGIT could be a new
treatment for CRC. Our analyses showed that Tex play major roles in the immunosuppressive
microenvironment, and the depletion of CD8 + T cells is an inevitable outcome in the tumor environment.

Interestingly, the BEAM analysis genes indicated in the cellfate2 included IRS receptors and many
enriched functional pathways for DNA repair, such as the DNA damage response, DNA replication, and
DNA mismatch repair. DEGs enrichment analysis and GSVA also revealed enriched DNA damage
pathways in Tex. We suspect that repeated DNA damage and repair is correlated with Tex differentiation
and may explain why CRC patients, especially those with MSI-H tumors, are more sensitive to immune
checkpoint inhibitors than patients with microsatellite instability-low (MSI-L) tumors46. CD8 + T cells are
likely to differentiate into a terminal differentiation state during the development of T-cell exhaustion, and
increased DNA damage and repair leads to an increased frequency of mutations. This explains why CRC
patients with MSI-H show a signi�cantly better outcome following immunotherapy.

Finally, we conducted SCENIC analysis to investigate TFs associated with immunity and DNA repair in the
M1 module. For example, the zinc �nger E-box binding homeobox 1 (ZEB1) inhibits the production of IL-2,
which is a T cell growth factor essential for the proliferation of T cells and the generation of effector and
memory cells1, 31. IRF7 is associated with the upregulation of IFNα/β expression. Qinjie Zhou et al78.
reported that inhibition of IRF7 by AIP, a novel inhibitor, can block the activation of IFN77. TRIM28, MYB,
and the SOX4 transcription factors are involved in the differentiation of T cells4, 20. Highly expressed
transcription factors such as TOPORS, EP300, SOX4, and TFDP1 in Tex are related to DNA damage
responses25, 39, 41. As CRC patients with MSI-H showed signi�cantly better outcomes after
immunotherapy, these transcription factors could potentially serve as therapeutic targets to reverse Tex.

2. Myeloid cells
Myeloid cells are abundant critical components of the TME. They are a heterogeneous mixture of cell
types having both tumor stimulating and suppressing activities. Analysis of the myeloid cells revealed
�ve distinct sub-clusters: monocytes, macrophages, TAMs, DCs, and mast cells (Fig. 4A). Macrophages
are a major cell population in the tumor microenvironment; they display high plasticity and perform
diverse, supportive functions45. Macrophages can be activated and polarized into TAMs by various
soluble molecules to promote tumor progression and metastasis. Macrophages and TAMs can be divided
into M1 and M2 based on their functions; M1 can secrete proin�ammatory cytokines, and M2 exhibit
tumor-promoting phenotypes characterized by high levels of immunosuppressive markers and anti-
in�ammatory factors.

Interestingly, when traced back to the tissue source, monocytes were present primarily in the blood, while
macrophages and TAMs occurred in most tumor tissues (Fig. 4A). Pseudotime analysis showed that
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monocytes differentiated into macrophages when they entered the TME from the blood and �nally
differentiated into TAMs (Fig. 4D).

2.1 TAMs are engaged in constructing the
immunosuppressive microenvironment
Enrichment analysis revealed a mixture of M1 and M2 phenotypes in macrophages and TAMs, but
macrophages closely resembled M1-polarized, and TAMs closely resembled M2-polarized. Some
pathways associated with M1-like proin�ammatory pathways were enriched in macrophages, such as IL-
1, -2, -3, -11, -17, -18, and − 21, the TNF alpha signaling pathway, and the interferon alpha/beta signaling
pathway (Fig. 4B). These pathways activate cytokines that promote anti-tumor activities and
macrophages that play critical roles in antigen presentation11. Macrophages also performed several M2-
like functions, such as IL-4, -10, and TGF-beta receptor signaling. In contrast, other pathways associated
with M2 pro-tumor pathways were rich in TAMs, such as arachidonic acid metabolism, matrix
metalloproteinase (MMP), the VEGF signaling pathway, the glucocorticoid receptor pathway, IL-10, -4 and
− 13 signaling, and PD-1 signaling. Several M1-like functional pathways were also present, such as
interferon gamma signaling and the TNF signaling pathway. However, their expression was dominated by
M2-like changes. GSVA analysis also revealed that IFN alpha/beta signaling was enriched in TAMs, while
IL-5, -6, -7, and − 17 were enriched in macrophages (Fig. 4C). In conclusion, macrophages mainly display
the M1 phenotype, whereas TAMs exhibit M2 phenotypes.

Pseudotime analysis revealed that monocytes converted into macrophages, and �nally TAMs (Fig. 4D). In
this process, there was altered gene expression of both IL4L1 and IL4R, which showed an upward trend,
while the genes that promote the immune function, such as IL-15, -16, -17RA, -1A, and − 1RN, initially
showed an upward trend, following by a downward trend (Fig. 4E). Correlation with the tissue origins
showed that, once monocytes from the blood entered the tumor tissues, they differentiated into M1-like
macrophages and gained increased immune function and M2-like TAMs, alongside enhanced
immunosuppressive effects.

SCENIC analysis was performed to determine the changes in TFs during the transformation of
macrophages into TAMs (Fig. 4F, G). We found that MAF, ETV5, and EGR2 M2-like transcription factors
were highly expressed in TAMs associated with immunosuppression. MAF regulates the activation of the
Treg and IL-4 pathways67. ETV5 is related to blood vessel growth and activation of the IL-10 pathway8, 33.
The expression of EGR2 in CD4 + T cells is related to the conversion of CD4 + T into Tregs and the
activation of the IL-4 and TGF-β functional pathways42, 63. Conversely, STAT4, NFκB1, NFκB2, RUNX1,
and BCL3 M1-like transcription factors are enriched in macrophages. STAT4 mediates the JAK-STAT-
related pathways and participates in the conduction of the IL-12, -21, -23, and − 35 signaling pathways38.
NFκB1 and NFκB2 promote the polarization of macrophages to the M1 type16. BCL3 acts synergistically
with NF-κB61.
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Finally, we utilized CellChat to investigate interactions between TAMs and cell subgroups in the TME (Fig.
5D). Interestingly, compared to macrophages, TAMs participated more in the construction of the
immunosuppressive microenvironment. The immunosuppressive ligands secreted by TAMs, such as
CD80, CD86, CD274, ICOSL, and NECTIN2, showed evident interactions with other receptors such as
CTLA-4, PD-1, ICOS, and TIGIT expressed by other cells, especially T cells (Fig. 5E, F, G). Network analysis
showed that TAMs were the main senders of CD80, CD86, and ICOSL, whereas Tregs, as vital
components of active intertumoral immunosuppression, were the main receivers. In addition to IRS, TAMs
participating in the construction of the immunosuppressive microenvironment secreted soluble cytokines
such as IL-10 and SPP1 (Fig. 5A). Interestingly, TAMS were both the main secretors and receivers of IL-10,
whereas macrophages were the main receivers of IL-10 (Fig. 5B). This suggested a positive feedback
loop between macrophages and TAMs. Once macrophages had differentiated into TAMs, TAMs possibly
secrete IL-10 acting on macrophages to promote the differentiation process. TAMs also secreted SPP1,
which interacted with almost all cells in the TME, including DCs, Tregs, Tex, �broblasts, and malignant
cells (Fig. 5C). Interestingly, TAMs were also the main receivers. SPP1 mediates macrophage polarization
and facilitates immune escape in lung adenocarcinoma75. It may be attributable to the M2 phenotype of
TAMs in this study.

2.2 Lipid metabolism reprogramming in TAMs
The DEGs calculated between macrophages and TAMs suggested the involvement of genes associated
with lipid metabolism because Peroxisome Proliferator Activated Receptor Alpha (PPARA) was highly
expressed in TAMs. Enrichment analysis revealed that, compared with macrophages, TAMs were more
enriched in lipid metabolism pathways, such as the cholesterol biosynthesis pathway, cholesterol
metabolism, fatty acid metabolism, and mitochondrial fatty acid beta-oxidation (Fig. 4B). GSVA analysis
also revealed that the cholesterol, lipid droplet synthesis, and lipid catabolic pathways were enhanced in
TAMs (Fig. 4C). Pseudotime analysis showed that the expression of genes associated with lipid output
such as ABCA1 and ABCG1 were enhanced in the differentiation process (Fig. 4E). It is reasonable to
speculate that, along with differentiation, metabolism patterns were remodeled toward lipid metabolism.

Pathways such as the PPAR alpha pathway, regulation of cholesterol biosynthesis by sterol regulatory-
element binding proteins (SREBP: SREBF), NR1H2 and NR1H3 mediated signaling, and NR1H3 and
NR1H2 regulated gene expression linked to cholesterol transport and e�ux, were also enriched in TAMs
(Fig. 4F, G). SREBP functions in the transcriptional regulation of genes involved in the biosynthesis and
uptake of lipids, promoting fatty acid synthesis and inducing TAMs instead of M237, 55. NR1H2 and
NR1H3 act as transcription factors engaged in lipid metabolism synthesis and are important modulators
of the SREBP-1c pathway at the transcription level, where they regulate gene expression linked to
cholesterol transport and e�ux in hepatic lipogenic cells19. We were particularly interested in the
cholesterol e�ux function mediated by NR1H2 and NR1H3. Increased cholesterol out�ow increased lipid
content in the TME to provide nutrition for tumor cell growth and destroyed the lipid raft of TAMs to
weaken the TLR4 signaling pathway19. Increased cholesterol out�ow also enhanced the IL-4 pathway,
weakened the interferon (IFN) pathway22, and has an unexpected role in the polarization of TAMs to M2.
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We speculated that reprogramming of lipid metabolism in TAMs is involved in the remodeling of immune
functions, to a certain extent.

SCENIC analysis reported the abnormal transcriptional regulatory network in TAMs. As shown in Fig. 4G,
M1 transcription factors are signi�cantly activated in TAMs, which mainly include the SREBF and NR1H3
transcription factors. Therefore, SREBF and NR1H3 may play important roles in lipid metabolism
reprogramming in TAMs. TAMs and Tex have both undergone lipid metabolism remodeling, re�ecting the
important role of lipid metabolism in the process of T cell exhaustion and TAMs polarization to M2.
However, there are signi�cant differences between these two kinds of cells, which are mainly manifested
in the differences in the transcription regulatory factors. Hence, we suspect that SREBF and NR1H3 may
be important targets to prevent or reverse the polarization from TAMs to M2.

2.3 DCs exhibit a similar pattern to TAMs in metabolism
remodeling and construction of the immunosuppressive
microenvironment
DCs are the most potent antigen-presenting cells in the immune system and are central players in the
adaptive immune response. The myeloid cell sub-clusters 5 and 7 were annotated as DCs. However, as
cluster 7 only contained 18 cells, cluster 5 was of more interest. Marker gene analysis revealed that DCs
in cluster 5 exhibited highly expressed immunosuppressive cytokines, such as IL-4, -10, and IFNα/β.
Enrichment analysis revealed that IL-10, -4, and − 13 signaling, interferon alpha/beta signaling, PD-1
signaling, and CTLA-4 inhibitory signaling were enriched. CellChat analysis found DCs exhibited a similar
pattern to TAMs in secreting immunosuppressive cytokines, especially CD80, CD86, and ICOSL (Fig. 4B).
Network analysis demonstrated that DCs and TAMs were the main secretors participating in the
exhaustion process of CD8 T cells, synergistically promoting the construction of the immunosuppressive
microenvironment.

At the same time, enrichment analysis revealed that lipid metabolism, fatty acid metabolism, and PPARA-
activated gene expression pathways were highly enriched in DCs. PPARs control the expression of many
genes involved in metabolic homeostasis, and lipid and glucose metabolism. Except for aberrant lipid
storage, the PPARs pathway also controls glucose metabolism. Thus, the tricarboxylic acid(TCA) cycle
was enhanced, resulting in citric acid accumulation. These conditions provide the substrate for the de
novo synthesis of fatty acids and intracellular lipid droplets. Other pathways were also enriched,
including Wnt signaling and CDK-beta-catenin activity. Wnt5 can act on Frizzled (FZD) family receptors
on DCs and trigger the activation of downstream PPAR pathways through activation of β-catenin signals
to remodel lipid metabolism in melanoma52. Other pathways enriched in DCs included RUNX3, which
regulates Wnt signaling, transcriptional regulation by RUNX2 and regulation of RUNX2 expression and
activity (Supplementary Fig. 3D). SCENIC analysis demonstrated that RUNX2 was highly expressed in
DCs in cluster 5. These data implied that lipid metabolism remodeling in DCs might also depend on the
core Wnt/β-catenin/PPAR signaling pathway regulated by the RUNX family.
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Lipid metabolism reprogramming mainly comprised lipid storage but also included enhanced lipid
oxidation metabolism in DCs. Regarding the TAMs, we speculate that lipid metabolism reprogramming in
DCs is involved in reconstructing the immunosuppressive microenvironment.

3. Fibroblast cells
We extracted 145 �broblast cells classi�ed into two clusters: �broblast-1 and �broblast-2 (Fig. 6A).
Pseudotime analysis revealed that �broblast-1 was present at the initial stage of the differentiation
trajectory, and �broblast-2 was present at the end (Fig. 6E, F).

3.1 Hypoxia and acid signals promote metabolic and
functional remodeling in �broblasts
Interestingly, DEGs enrichment analysis revealed different metabolic patterns between the two clusters
(Fig. 6B). The pathways related to lipid metabolism, such as the cholesterol metabolism pathway,
metabolism of lipids, and fatty acid metabolism, were signi�cantly enriched in �broblast-2. In contrast,
pathways related to carbohydrate metabolism, such as glycogen metabolism, and the glycolysis and
gluconeogenesis pathways were enriched in �broblast-1 (Fig. 6C). GSVA analysis revealed the differences
in metabolic patterns between the two sub-clusters (Fig. 6D). Cells in �broblast-1 obtained their energy
predominantly through the glycolytic pathway, whereas those in �broblast-2 obtained their energy
through the lipid metabolism pathway. We focused on several enrichment pathways highly enriched in
�broblast-2, such as RUNX2, NR1H3, and NR1H2, which regulate gene expression linked to cholesterol
transport and e�ux, and NR1H2 and NR1H3-mediated signaling. SCENIC analysis also showed that lipid
genes regulated by NR1H2, NR1H3, and RUNX were upregulated in �broblast-2 (Supplementary Fig. 3D).
Our analyses revealed that enhanced lipid metabolism and abnormal lipid accumulation may occur in
Tex, TAMs, and �broblast-2.

Further GNA analysis of aberrant lipid metabolism in �broblast-2 and − 1 disclosed that G-protein-coupled
receptors (GPCRs) pathways were highly expressed in �broblast-1. GPCRs include seven transmembrane
domain proteins that relay numerous extracellular signals and react, especially, to acid and hypoxia
signals29. It was previously shown that hypoxia could induce macrophages to differentiate into TAMs in
the tumor microenvironment and promote cancer progression48. Hypoxia-mediated acidi�cation blocks
the capacity of T cells to expand or perform cytotoxic effector functions, thus causing
immunosuppression60. Hypoxia and acid signals have prominent roles in establishing and maintaining
tumor immunosuppression. Aberrant signals in the TME via GPCRs receptors may cause abnormal lipid
metabolism. Interestingly, SCENIC analysis also found that hypoxic stress signals such as HIF-1A, EPAS1
(HIF-2A), and ETS1 transcription factors were present at high levels in �broblast-1 (Supplementary
Fig. 3D). We speculate that hypoxia is an effective stimulus that induces �broblast differentiation.

3.2 The positive feedback loop of Wnt and BMP in
�broblasts mediating metabolic remodeling
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Functional enrichment analysis and GSVA showed highly enriched Wnt and bone morphogenetic protein
(BMP) pathways in �broblast-2 representing the �nal stage of the differentiation trajectory (Fig. 6D).
Previous studies proved that Wnt ligands bind to the transmembrane FZD receptor in the canonical Wnt
pathway, activating Disheveled (Dvl), and then triggering the stabilization and accumulation of nuclear β-
catenin transcriptional activity. β-catenin signi�cantly modulates de novo lipogenesis through the PPAR-γ
pathway in breast cancer64 and hepatocellular cancer6. We speculate that over-activation of Wnt
signaling mediates β-catenin accumulation, which further activates PPAR-γ signaling and may be
attributed to aberrant lipid metabolism in �broblast-2. Like Tex and TAMs, we speculate that lipid
metabolism reprogramming in �broblast-2 may be involved in constructing immunosuppressive
environments like TAMs.

We utilized CellChat to investigate the source of the Wnt ligands. Unexpectedly, the major secretors of
Wnt ligands were �broblast cells rather than receptors in the TME (Fig. 6H). More importantly, compared
to �broblast-1, �broblast-2 secreted more Wnt ligands, such as Wnt2B, Wnt4, and Wnt5A, which interacted
with receptors expressed on malignant and endothelial cells (Fig. 6J). Interestingly, �broblast-2 secreted
more BMPs, such as BMP2, -4, -5, and − 8B, which could act on themselves through the autocrine or
paracrine pathways (Fig. 6I). Network analysis of the BMP pathways revealed that �broblast-2 was the
major sender of BMP ligands, whereas the main receivers were �broblast-1, endothelial cells, and
malignant cells. Activation of BMP signaling inhibited the expression of β-Trcp, increasing the non-
phosphorylated form of β-catenin in the classic Wnt signaling pathway and promoting lipids synthesis73.
These results implied that over-activation of the Wnt-β-catenin-PPAR-γ pathway in �broblast cells
depends on BMP signals secreted by themselves to a large extent. We could reasonably speculate the
presence of two positive feedback loops in �broblast cells. First, the GPCRs expressed in �broblast-1 act
as a result of the hypoxia and acid signals caused by tumor cells initiating differentiation into �broblast-
2. Then, �broblast-2 secretes more Wnt ligands to act on tumor cells to promote the malignancy
phenotype. Second, �broblast-2 secretes BMPs acting on �broblast-1 to promote its differentiation and
metabolism remodeling by enhancing the Wnt-β-catenin-PPAR-γ pathway.

The above results demonstrate that �broblast-2 engages more in reconstructing the TME to promote
tumor progression than �broblast-1. However, knowing the underlying mechanism provides new targets
to reverse the differentiation of �broblast cells by blocking hypoxia and acid signaling, GPCR receptors,
BMPs, and Wnt ligands, for example. Similar to Tex and TAMs, the similar transcription pattern strongly
illustrates the potential of these transcription factors to act as targets to reverse the metabolic remodeling
of cells in the TME.

4. Malignant cells
We identi�ed nine sub-clusters in epithelial cells, which were divided into �ve cell types according to the
CellMarker database and Zhang Lei et al72: malignant cells, goblet cells, enterocytes, stem-like cells, and
unde�ned cells (Fig. 7A). When the origin of the epithelial cells was traced, it was noted that malignant
cells and stem-like cells occurred almost exclusively in tumor tissues, while enterocytes and goblet cells
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occurred in tumor tissues and normal tissues. Since CRC cells originate from enterocytes, we focused on
the differences between malignant cells and enterocytes.

4.1 Abnormal metabolism of malignant cells
We performed enrichment analysis of the DEGs between malignant cells and enterocytes (Fig. 7B). As
shown in Fig. 7C, glycolysis, lipid biosynthesis, and amino acid metabolism pathways were enriched in
cancer cells, while oxidative phosphorylation was suppressed. GSVA analysis also disclosed that PPAR,
adipogenesis, and lipid metabolism pathways were enriched in malignant cells, consistent with previous
studies (Fig. 7D).

SCENIC analysis showed enhanced HIF-1α in malignant cells (Supplementary Fig. 4A). HIF-1α is
associated with glucose metabolism, which shifts glucose metabolism from highly e�cient oxidative
phosphorylation to less e�cient glycolysis by regulating downstream transcription factors and providing
substrates for lipid accumulation49. Interestingly, NPAS2 and ATF4 were also highly enhanced in
malignant cells. NPAS2 is a core circadian molecule that binds to the E-box site in the HIF-1α promoter
region and thus promotes HIF-1α mRNA expression in hepatocellular cancer69. ATF4 is a direct
transcription target of HIF-1α and is involved in amino acid metabolism, such as the biosynthesis of
asparagine, serine, and glycine24, 50, 54. We speculate that NPAS2 regulates HIF-1α, and that they jointly
mediate downstream metabolism processes. NPAS2 and ATF4 may be potential therapeutic targets in
CRC.

Enrichment analysis enabled the classi�cation of all the TFs to different modules and showed that the
aryl hydrocarbon receptor (AhR) was enriched in Module 2. The AhR is activated by tryptophan
catabolites, enhances tumor malignancy, and suppresses anti-tumor immunity in glioblastoma51.
Changes in intracellular and extracellular metabolites have profound effects on cancer progression by
enhancing the ability of cancer cells to survive and proliferate.

4.2 The Wnt pathway is linked to cancer progression
As shown in Fig. 7C, variance and GSVA analyses revealed that the Wnt and Hedgehog pathways were
signi�cantly enhanced in colorectal malignant cells. This enhancement is critical for cancer initiation and
progression7, 10.

Subsequently, CellChat analysis revealed that the activation of the Wnt pathway in malignant cells
contributes to the presence of many cell types in the TME. Tex, �broblast-1, and TAM DCs jointly secrete
Wnt2B and Wnt4, which act on FZD and LRP receptors expressed on malignant cells. This initiates the β-
catenin-dependent pathway and promotes the progression of cancer (Fig. 7E). In addition, malignant cells
can directly secrete BMP2 and − 4 molecules, which interact with their own BMPR1 and BMPR2 receptors,
enhancing the expression of Wnt3 and Wnt3a and indirectly regulating the classical Wnt pathway.
BMPR1 or BMPR2 have been reported to be mutated in over 70% of cases of CRC23. There is increasing
evidence in sporadic colon cancers that mutations affecting BMP signaling corroborate with activated
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Wnt to drive colon cancers, particularly in the later stages26, thus providing a rationale for exploiting these
pathways as potential targets in the treatment of colon cancer.

Accumulating evidence has shown that activation of Wnt promotes the accumulation of β-catenin53.
However, enrichment analysis also found β-catenin independently of the Wnt pathway, demonstrating
that other molecules are involved in the biosynthesis of β-catenin. SCENIC analysis reported the
upregulation of SOX9 and XBP1 transcriptional factors in malignant cells (Supplementary Fig. 4C). SOX9
participates in regulating the downstream Wnt pathway by combining directly with β-catenin18. SOX9 can
also combine with GLI, downstream molecules of the hedgehog pathways, thus maintaining the stem
phenotype of malignant cells. XBP1 can promote the accumulation of β-catenin in endothelial cells via
the Akt/GSK pathway71. We speculate that Wnt, SOX9, and XBP1 jointly regulate the activation of
downstream β-catenin, inducing a series of malignant functions and the remodeling of metabolism, such
as lipid metabolism via the PPAR pathway.

We also enriched TFs related to the epithelial–mesenchymal transition (EMT) pathway, such as
ONECUT2 and ETV4 in colorectal malignant cells (Supplementary Fig. 4D). ONECUT2 is involved in the
EMT pathway, migration, and invasion of CRC cells57. In breast cancer, ETV4 targets MMP13, an
extracellular metalloprotease, promoting tumor metastasis17. In lung cancer, ETV4 regulates PXN and
MMP165. In gastric cancer, ETV4 upregulates the expression of KIF2A via the AKT pathway, promoting
tumor migration74. Interestingly, SOX9 and XBP1 also engaged in the EMT pathway35, 36, and these TFs
are potentially new therapeutic targets.

4.3 CRC cells engaged in constructing the immune-
suppressive microenvironment
Inhibitory signals mediated by malignant cells responsible for constructing the immune-suppressive
microenvironment are classi�ed into two major categories: immunosuppressive pathways and soluble
molecules secreted by malignant cells.

Variance analysis showed that TGF-β pathways were highly activated in malignant cells, including
signaling by TGFB family members, the TGF-beta signaling pathway, TGF-beta receptor signaling, which
activates SMADs, and TGF-beta receptor signaling in the EMT pathways (Fig. 7H). GSVA analysis also
signi�cantly enriched the TGF-β pathways. TGF-β possesses dual tumor-suppressive and tumor-
promoting roles in tumor progression14. Tumor-derived TGF-β can induce tumorigenic and pro-metastatic
responses in cancer cells, including the formation of an immune-suppressive TME5.

CellChat analysis showed that NECTIN2 and ICOSL ligands have obvious interaction with
immunosuppressive receptors expressed by Tex, such as TIGIT, CTLA-4, and ICOS (Fig. 7E). Our results
implied that malignant cells might speed up the exhaustion process of Teff, thus promoting the
construction of the immunosuppressive microenvironment. We found that malignant cells mainly secrete
in�ammatory factors that induce the production of immunosuppressive cells, such as Tex, DCs, and
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TAMs (Fig. 7F). For example, SPP1 molecules secreted by malignant cells mediate macrophage
polarization and facilitate immune escape in lung adenocarcinomas75. Together, these molecules form a
network to create an unfavorable immunosuppressive microenvironment.

5. The in�ltration of tumor-educated immune cells is
associated with a worse prognosis in CRC
We performed digital cytometry analyses using CIBERSORTx to evaluate the abundance of tumor stromal
and immune cell subsets analyzed previously in patients from The Cancer Genome Atlas-Colon
Adenocarcinoma (TCGA-COAD) data. We established a new risk model using stepwise regression to
evaluate the association between cell fractions and prognostic outcomes and identify the optimal
coe�cient for each population. Finally, we selected eight subgroups to construct the model. The formula
for the risk model is as follows:

Riskscore = 4.785*Fibroblast_cells.1 + 4.222*Myeloid.cell.5 -2577.080*Myeloid.cell.2-
86.019*Myeloid.cell.3 + 10.550*CD8_T_cells.2 + 4.868*CD8_T_cells.4 + 9.276*CD8_T_cells.0–
13.466*CD8_T_cells.5.

The patients were divided into high-risk and low-risk groups according to the median risk score. Next, we
evaluated the prognostic value of the risk model for overall survival (OS). Patients in the high-risk group
had a signi�cantly worse OS than the low-risk group (p = 0.011) (Fig. 8C). The model’s accuracy was
veri�ed using time-dependent receiver operating characteristic (ROC) curves, which con�rmed the
reliability of the prognoses for both cohorts. The area under the ROC curve for the risk score was 0.814,
0.678, and 0.640 for 1-, 3- and 5-year OS versus 0.792, 0.663, and 0.660 for TNM stage, respectively (Fig.
8E). These scores show that the risk model possesses the clinical predictive value supplementing the
TNM stage to some extent. Furthermore, we used a multivariate Cox regression model to construct a new
clinical model incorporating risktype, TNM stage, gender, and age (Fig. 8A). Interestingly, risktype, TNM
stage, and age were independent prognosis factors (p = 0.031, 0.020, and 0.006, respectively) (Fig. 8B).
The patients were separated into two subgroups according to the median clinical risk score. Kaplan-Meier
(KM) survival analysis revealed that high clinical risktype had a signi�cantly worse OS than low clinical
risktype (Fig. 8D). The areas under the ROC curve for 1-, 3-, and 5-year OS were 0.870, 0.754, and 0.767,
respectively, which was better than the risk model and TNM stage (Fig. 8F).

Materials And Methods
Data acquisition
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The scRNA-seq data and bulk RNA-seq data of human CRC samples were included in this study. The
scRNA-seq pro�les included 10,398 cells from 10 human CRC samples (accession number GSE146771),
which were obtained from the Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo/)
database. This database contains 5169 cells from tumor cores, 2400 cells from paracancerous tissues,
and 2829 cells from peripheral blood, performed using the SMART-seq2 platform. Normalized matrix �les
for the dataset were downloaded. The bulk RNA-seq data of CRC samples, including 398 tumor samples
and 39 normal samples, were obtained from the TCGA database (https://portal.gdc.cancer.gov/).

We excluded samples with an overall survival (OS) time < 7 days or insu�cient clinical information
regarding age, gender, or TNM stage.

Processing of the CRC scRNA-seq data and bulk RNA-seq data

A total of 10 samples and 10,398 cells were included in this study. The Seurat package in R 4.0.3 was
used for quality control (QC). The quality standards were as follows: 1) genes detected in < 3 cells were
excluded; 2) cells with < 50 total detected genes were excluded, and; 3) cells with ≥ 5% of mitochondria-
expressed genes were excluded. For the remaining cells, cell-cycle scores were calculated using Seurat’s
CellCycleScoring function since the cell cycle phase effect was observed. Batch effects among the
patients had already been eliminated by the data donator. The gene expression matrices were further
normalized to RNA counts, mitochondrial percentages, and cell cycle scores using the top 3000 variable
genes. PCA was used to calculate the signi�cantly available principal components (PCs). We then applied
the t-distributed stochastic neighbor-embedding (tSNE) algorithm for dimensionality reduction with 20
initial PCs to perform cluster classi�cation analyses across all cells.

Cell type recognition

We performed differential expression analysis among all genes within cell clusters using Seurat’s
FindAllMarkers function to identify the marker genes in each cluster. An adjusted P-value < 0.05,
expression percentage > 0.25, and | log2 [fold change (FC)] | > 0.25 were considered cutoff criteria for
identifying marker genes. Subsequently, different cell clusters were determined and annotated by the
singleR package according to the composition patterns of the marker genes and were then manually
veri�ed and corrected with the CellMarker database. The malignant cells were annotated by correlation
with the data donator’s cell annotation of malignant cells. The corresponding genes of cell surface
markers for the annotation of cell clusters are listed in Supplementary Table 1.

Pseudotime trajectory analysis

Single-cell pseudotime trajectories were constructed using the Monocle 2 algorithm, an R package
designed for single-cell trajectories by Qiu et al. to reveal the immune cell differentiation process. This
algorithm applies a machine learning technique to reduce the given high-dimensional expression pro�les
to a low-dimensional space, visualized as a tSNE plot. Single cells were projected onto this space and
ordered into a trajectory with branch points. The dynamic expression heatmaps were constructed using
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the plot pseudotime heatmap function. In addition, differential expression analysis between branches
was performed using the plot_genes_branched_heatmap function.

Functional enrichment analysis

DEGs analysis was performed using Seurat’s FindMarkers function. The following cutoff threshold values
were used: adjusted P-value < 0.05 and |log2 [FC]| >1. The DEGs were loaded into Metascape
(http://metascape.org), a tool for gene annotation and gene list enrichment analysis.

GSVA was performed to explore correlating pathways of different cell clusters. We downloaded
“c2.all.v7.4.symbols.gmt” and “c5.all.v7.4.symbols.gmt” from the Gene Set Enrichment Analysis website
(http://www.gsea-msigdb.org), which were used for further enrichment analyses. The GSVA analysis was
performed in R 4.0.3 to calculate the enrichment score of the pathways in each cell.

Cell-cell communication analysis

CellChat is a versatile toolkit used to infer and analyze intercellular communication networks from
scRNA-seq data quantitatively. Based on the ligand-receptor interactions database for humans and mice
and using network analysis and pattern recognition approaches, CellChat can predict major signaling
inputs and outputs for cells and establish how those cells and signals coordinate their functions. As
described above, 10,398 single cells were clustered into 28 cell types. CellChat was then applied to
analyze the molecular interaction among the 28 cell types. Ligand-receptor pairs with a P-value < 0.05
were �ltered to evaluate the relationship between different cell types.

Gene regulatory network analysis

We used SCENIC (Aibar et al., 2017), an algorithm package that can reconstruct transcriptional states and
regulatory networks from scRNA-seq data, to access the gene regulatory networks relating to TFs and
regulons in individual cells of the CRC samples. The gene expression matrix of each cell type was input
into SCENIC, and a co-expression network was constructed using GENIE3. Direct binding by DNA-motif
analysis was identi�ed based on a motif dataset (hg19-500bp-upstream-7species.mc9nr.feather, hg19-
tss-centered-10kb-7species.mc9nr.feather) to construct regulons for each transcription factor. Finally,
regulon activity was analyzed using AUCell (Area under the Curve), where a default threshold was applied
to binarize the speci�c regulons (“0” = “off” for TFs, and “1” = “on”). Regulon modules were identi�ed
based on the Connection Speci�city Index (CSI) to identify speci�c associating partners. Hierarchical
clustering with Euclidean distance was performed based on the CSI matrix to identify different regulon
modules. We then used 0.65 as a cutoff to construct the regulon association network, to investigate the
relationship between different regulons.

Correlation with bulk RNA-seq data

CIBERSORTx is a new machine learning method developed from CIBERSORT for estimating the
abundance of cell clusters in bulk RNA-seq data. This tool was used to digitally purify the transcriptome
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of individual cell clusters from the bulk data without isolating single cells. Based on the scRNA-seq data
identi�ed previously, we applied CIBERSORTx to create a signature matrix. Next, we used CIBERSORTx to
estimate the fraction of each cell cluster in TCGA CRC expression matrix, which was �rst normalized to
transcripts per million (TPM) values. Next, multivariate Cox regression and stepwise regression analyses
were applied to select the optimal coe�cient for each cell cluster to construct the risk model. The risk
scores were then divided into “high risktype” and “low risktype” according to the median risk score. The
formula for the model is as follows:

Then we incorporated the risktype, TNM stage, gender, and age to construct a new clinical risk model
using multivariate Cox regression. The clinical risk scores were divided into “high clinical risktype” and
“low clinical risktype” according to the median clinical risk score. The formula for the clinical model is as
follows:

The associations of risktype and clinical risktype with OS were analyzed using KM curves with ROC curve
analysis to verify the sensitivity and speci�city of the model for the training cohort.

Statistical analyses

Statistical analyses were conducted using R software (version 4.0.3; R Foundation for Statistical
Computing, Vienna, Austria). All statistical tests were two-sided, with P-values < 0.05 considered
statistically signi�cant.

Conclusion
Treatment of CRC, especially advanced CRC, remains challenging. Despite developments in treatments
for CRC such as immunotherapy and targeted therapy, only a small number of people bene�t from these
treatments, and this low number is attributed to low e�ciency and high drug resistance. A recent study
found that cancer cells and tumor-in�ltrating cells take part in the process of drug resistance or fail to
respond to cancer treatment strategies. The solution lies in a deeper understanding of the TME. This
study investigated the TME of CRC using scRNA-seq and revealed the heterogeneity of the immune cells
and stromal cells within CRC tissues. We identi�ed various cell types and altered pathways, along with
intercellular communication networks and novel regulatory networks driven by TFs in CRC. On this basis,
we identi�ed the convergence in different cell types by investigating the various differentiation stages of
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each cell type. Our results will aid our understanding of intertumoral heterogeneity and homoplasy in CRC
and provide potential targets for cancer therapy.

To describe the TME fully in CRC is not possible. We selected certain cell types, such as CD8 + T cells,
myeloid cells, �broblast cells, and epithelial cells, representing the main components of the TME, to
illustrate its heterogeneity and convergence. Our key conclusions are as follows:

First, we identi�ed that the immunosuppressive microenvironment in CRC consisted of immune cells and
stromal cells. The differentiation trajectory of each cell type revealed that the cells closer to the end of
their trajectory showed more immunosuppressive characteristics, such as exhaustion in CD8 + T cells and
polarization to the M2 phenotype in macrophages and �broblast-2. In this process, proin�ammatory
functions were inhibited, whereas immunosuppression functions were enhanced. In addition, the
intercellular communication network showed more active secretion of immunosuppressive cytokines by
cells closer to the end of their differentiation trajectory.

For example, in the regulation of IRS, exhaustion was the inevitable outcome of CD8 + T cells mediated by
various cells in the TME. At the same time, different cells manifested different ligand modes. Tumor cells
mainly secreted PVR and NECTIN2 to act on the TIGIT receptor. CD80 and CD86 secreted by DCs and
TAMs interacted with CTLA and Tregs and mainly secreted CD274 to act on PDCD1. Network analysis
also showed that IRS were expressed in Tex and immunosuppressive cells such as TAMs, Tregs, and DCs.
Soluble cytokines such as IL-10 and SPP1 were also secreted by TAMs that participated in constructing
the immunosuppressive microenvironment. Interestingly, the network analysis of IL-10 implied the
potential of a positive feedback loop between macrophages and TAMs to promote the differentiation
process. SPP1 was mainly secreted by TAMs, whereas the main receivers were �broblast cells and TAMs.
The positive feedback loop may equally be applied to SPP1 in TAMs to maintain the M2 phenotype.

As mentioned above, we mapped the differentiation pathways of each subgroup of cells and found that
different clusters of each cell type had different metabolic patterns. We identi�ed the DEGs of the two
most representative cells in each cell subgroup for functional enrichment analysis to demonstrate the
differences more intuitively. This included Teff and Tex, M1-like macrophages and M2-like TAMs,
�broblast-1 and �broblast-2, and malignant cells and enterocytes. Interestingly, although the metabolic
patterns were diverse, those cells close to their terminal differentiation showed similar metabolic patterns,
i.e., enhanced lipid metabolism, manifesting as the abnormal accumulation of lipids.

SCENIC analysis revealed that the transcription factors that regulate lipid metabolism remodeling in each
subgroup partially overlapped. The most representative transcription factors are PPARG, SREBF, NR1H2,
and NR1H3. In connection with the changes in immune functions, the transformation in the metabolic
model was highly consistent with the transformation of the immune functions. The NRIH2 and NR1H3
transcription factors were enriched in M2-like TAM and were of particular interest. The genes regulated by
NR1H2 and NR1H3 were linked to cholesterol transport and e�ux, and the out�ow of cholesterol could
destroy the lipid rafts on cell membranes, attenuating the TLR4 signaling pathway. Furthermore,
increased cholesterol out�ow also enhanced the IL-4 pathway and attenuated the IFN pathway. This
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phenomenon implied that enhanced intracellular lipid metabolism might be an important factor in the
transformation of immune function, and transcription factors involved in lipid metabolism remodeling in
cells may be potential therapeutic targets to reverse immunosuppression.

We applied CIBERSORTx in our study of the TME in CRC to investigate the link between the fraction of cell
subgroups and prognosis. Our risk model incorporated eight cell subgroups, including Fibroblast_cells.1,
Myeloid.cells.5, Myeloid.cells.3 and CD8_T_cells.5, which are associated with oncogenesis and
progression in tumors, according to previous scRNA-sequencing analyses. Compared to the classical
TNM stage, based on the ROC curve analysis, our risk model was proven to be useful as a novel
prognostic tool for improving survival prediction accuracy in patients with colon cancer. To investigate
whether the risk model could supplement the TNM stage in survival prediction, we established a new
clinical risk model, including risktype, TNM stage, gender, and age. The AUC for 1-, 3-, and 5-years was
signi�cantly better than either the risk model or TNM stage. We showed that this risk model, based on cell
fractions in the TME, could supplement the gold standard in clinical practice and represents an
alternative method that shows promise in clinical practice applications.

More importantly, with advances in sequencing technology, the cost of normal bulk RNA-sequencing will
decrease while the accuracy of scRNA-sequencing will improve. This means that more patients with
colon cancer will be able to afford the cost of bulk RNA-sequencing while bene�tting from the increased
accuracy of scRNA-sequencing using CIBERSORTx. This type of deconvolution algorithm could
deconstruct bulk RNA-sequencing data and apply scRNA-sequencing data to reveal previously ignored
information. Our results provide opportunities to improve the prognostic standards currently in use.

In summary, this study provides a new perspective for understanding the heterogeneity and homoplasy of
the TME and will aid the development of immunotherapies to treat CRC.

Abbreviation
CRC colorectal cancer

SCENIC single-cell regulatory network inference and clustering

TCGA The Cancer Genome Atlas

HER2 human epidermal growth factor receptor 2

EGFR epidermal growth factor receptor

TME tumor microenvironment

Tex exhausted CD8 T cell

TAM tumor-associated macrophages
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CAF cancer-associated �broblasts

ICB Immune checkpoint blockade

PD-1 programmed cell death 1

CTLA-4 cytotoxic T lymphocyte-associated protein 4

dMMR mismatch-repair-de�cient

MSI-H microsatellite instability-high

MSI microsatellite instability

IRS inhibitory receptors

scRNA-seq single-cell RNA sequencing

TNM the tumor, nodes, and metastasis

QC quality control

ILC innate lymphoid cell

DC dendritic cells

BEAM branch expression analysis modeling

Teff T effector cell

DEG differentially expressed genes

AMPK Adenosine 5‘-monophosphate -activated protein kinase

GSVA gene set variation analysis

FA fatty acid

SREBP Sterol regulatory element binding protein

FASN atty acid synthase

ACC Acetyl-CoA Carboxylase

HMG-CoA 3-hydroxy-3methylglutary-coenzyme A

ACLY ATP-citrate lyase
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PPAR peroxisome proliferator-activated receptor

TF transcription factors

TGF-β transforming growth factor-beta

IFNα/β interferons alpha and beta

TNF tumor necrosis factor

IL interleukin

Treg regulatory T cells

PVR poliovirus receptor

TIGIT T cell immunoreceptor with immunoglobulin and ITIM domain

ICOSL/ICOS Inducible Co-Stimulator Ligand/ Inducible Co-Stimulator

TIM3 the inhibitory receptor T-cell immunoglobulin and mucin domain 3

LAG3 lymphocyte activation gene 3 protein

MSI-L microsatellite instability-low

VEGF vascular endothelial-derived growth factor

ZEB1 zinc �nger E-box binding homeobox 1

MMP matrix metalloproteinase

TLR4 Toll-like Receptor 4

TCA tricarboxylic acid

FZD Frizzled

GPCR G-protein-coupled receptor

BMP bone morphogenetic protein

Dvl Disheveled

AhR aryl hydrocarbon receptor

EMT epithelial–mesenchymal transition
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TCGA-COAD The Cancer Genome Atlas-Colon Adenocarcinoma

OS overall survival

ROC receiver operating characteristic

KM Kaplan-Meier

GEO Gene Expression Omnibus

PC principal component

tSNE t-distributed stochastic neighbor-embedding

CSI Connection Speci�city Index

TPM transcripts per million

NR1H3 Liver X receptors alpha

NR1H2 Liver X receptors beta
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Figure 1

Overview of single cells derived from tumors, adjacent tumor tissues, and peripheral blood of CRC
patients. (A–C) tSNE plots of all the single cells color-coded for (A) eight major cell types, (B) 25 sub-cell
types, (C) tissue origins (tumor, adjacent to tumor or blood). (D) Interaction network among major cell
types constructed by CellChat; circle sizes represent interaction weights; the thicker line indicates more
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weight and strength of the interactions between variable major cell types. (E) Top �ve marker genes of
eight major cell types identi�ed in this pro�le.

Figure 2

CD8+ T cells tend to exhaust in the tumor microenvironment. (A) tSNE plots of four sub-cell types of
CD8+ T cells. (B) The tissue origins (tumor, adjacent to tumor or blood). (C–D) Enrichment analysis of
marker genes of Tex and Teff. The height of each barplot shows the log10 of P-value calculated using the
Metascape website. (E–F) Differentiation trajectory of CD8+ T cells in CRC, color-coded for pseudotime
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(E) and sub-cell types (F). (G–H) Pseudo-heatmap of genes altered in the differentiation process of CD8+
T cells in CRC, divided into four clusters. The bubble plot shows the enrichment functions and pathways
of genes in cluster 1 according to Metascape. (I) Differences between “c2.all.v7.4.symbols.gmt” and
“c5.all.v7.4.symbols.gmt” scored by GSVA. The mean expression level for functions or pathways was
transformed into a row Z score.

Figure 3
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The interaction network and transcription regulatory network of CD8+ T cells. (A) Ligand-receptor
interactions between CD8+ T cells and TME-in�ltrated cell types detected by CellChat. The colors and
sizes in the bubble plot represent the communication probability, and P-values of the ligand-receptor
pairs; blue and red colors correspond to the smallest and largest values, respectively. (B–D) Hierarchical
plot, bubble plot, and heatmap showing the inferred intercellular communication networks for PD-L1 (B),
NECTIN2 (C), and PVR (D) signaling, respectively. The circle sizes in the hierarchical plot are proportional
to the number of cells of each cell type, and the edge width represents the communication probability.
The heatmap shows the relative importance of each cell type based on four computed network centrality
measures for each signaling network. The bubble plot shows the dominant senders (sources) and
receivers (targets) of each signaling type. (E) Heatmap of identi�ed regulon modules based on the
regulon CSI matrix. (F) t-SNE map for all CD8+ T cells based on the regulon activity scores (RAS) of the
regulon modules.
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Figure 4

Macrophages resulted from M1 polarization, whereas TAMs resulted from M2 polarization in CRC. (A)
tSNE plot of four sub-cell types of myeloid cells. (B) The tissue origins (tumor, adjacent to tumor or
blood). (C) Enrichment analysis of marker genes of TAMs (blue), macrophages (green), and DCs (orange).
The height of each barplot shows the log10 P-value calculated by Metascape. (D) Differences in
“c2.all.v7.4.symbols.gmt” and “c5.all.v7.4.symbols.gmt” scored by GSVA. The mean expression level of
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functions or pathways was transformed into a row Z score. (E–F) Differentiation trajectory of monocytes,
macrophages, and TAMs in CRC, color-coded for pseudotime (E), and sub-cell types (F). (G) Pseudo-
heatmap of genes altered in the differentiation process of monocytes, macrophages, and TAMs in CRC,
grouped into four clusters.

Figure 5
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The interaction network of macrophages and TAMs. (A) Soluble factor interactions among macrophages,
TAMs, and TME-in�ltrated cell types. (G) Ligand-receptor interactions of immune checkpoints between
TAMs and TME-in�ltrated cell clusters detected by CellChat. Selected ligand-receptor pairs are shown in
the bubble plot. The colors and sizes in the bubble plot represent the communication probability, and P-
values of the ligand-receptor pairs; blue and red colors correspond to the smallest and largest values,
respectively. (B–C, E–G) Hierarchical plot, bubble plot, and heatmap showing the inferred intercellular
communication network for SPP1 (B), IL-10 (C), CD80 (E), CD86 (F), and ICOSL (G) signaling. The circle
sizes in the hierarchical plot are proportional to the number of cells in each cell type, and the edge width
represents the communication probability. The heatmap shows the relative importance of each cell type
based on the four computed network centrality measures of each signaling network. The bubble plot
shows the dominant senders (sources) and receivers (targets) of each signaling type.

Figure 6
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Hypoxia and acid signals promote metabolic and functional remodeling in �broblasts. (A) tSNE plot of
two sub-groups of �broblasts. (B) Volcano plot of DEGs between �broblast-1 and �broblast-2. (C)
Enrichment analysis of DEGs of �broblast-2 (blue) and �broblast-1 (green). The height of each barplot
shows the log10 P-value calculated by Metascape. (D) Differences in “c2.all.v7.4.symbols.gmt” and
“c5.all.v7.4.symbols.gmt” scored by GSVA. (E–F) Differentiation trajectories of monocytes, macrophages,
and TAMs in CRC, color-coded for pseudotime (E) and sub-cell types (F). (G) Pseudo-heatmap of genes
altered in the differentiation process of monocytes, macrophages, and TAMs in CRC, divided into four
clusters. (H) Ligand-receptor interactions between �broblasts and TME-in�ltrated cell types detected by
CellChat. The colors and sizes in the bubble plot represent the communication probabilities, and P-values
of the ligand-receptor pairs; blue and red colors correspond to the smallest and largest values,
respectively. (I–J) Hierarchical plot, bubble plot, and heatmap showing the inferred intercellular
communication network for ncWNT (I) and BMP (J) signaling.
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Figure 7

CRC cells engaged in the construction of the immune-suppressive microenvironment. (A) tSNE plot of two
sub-groups of epithelial cells. (B) The tissue origins (tumor, adjacent to tumor or blood). (C) Volcano plot
of DEGs between enterocytes and malignant cells. (D) Enrichment analysis of DEGs of malignant cells
(blue) and enterocytes (green). The height of each barplot shows the log10 P-value calculated by
Metascape. (D) Differences in “c2.all.v7.4.symbols.gmt” and “c5.all.v7.4.symbols.gmt” scored by GSVA.
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(E–F) Soluble factors and ligand-receptor interactions between malignant cells and TME-in�ltrated cell
types detected by CellChat. The colors and sizes in the bubble plot represent the communication
probabilities, and P-values of the ligand-receptor pairs; blue and red colors correspond to the smallest and
largest values, respectively. (G–H) Hierarchical plot, bubble plot, and heatmap showing the inferred
intercellular communication network for Wnt (G) and SPP1 (H) signaling.

Figure 8



Page 40/40

In�ltration of tumor-educated immune cells is associated with a worse prognosis in CRC. (A) Nomogram
of independent prognostic factors including risktype, TNM stage, gender, and age. The values attributed
to each patient are located on the variable axis; the upward line shows the points received for each
variable. The sum of the scores is shown on the total points axis; the line drawn downward to the survival
axis shows the likelihood of 1-, 3-, or 5-year survival. (B) Forest plot showing the hazard ratio and P-value
of each prognostic factor. (C–D) KM survival curves for immune risktype and clinical risktype. (E–F)
Immune risk scores and clinical risk scores determined by time-dependent ROC curves. The areas under
the ROC curve were 0.814, 0.678, and 0.640 for the immune risk model for 1-, 3-, and 5-year OS versus
0.870, 0.754, and 0.767 for the clinical risk model for 1-, 3-, and 5-year OS, respectively.

Supplementary Files

This is a list of supplementary �les associated with this preprint. Click to download.

SupplementaryFile.docx

https://assets.researchsquare.com/files/rs-836574/v1/1c3aa82ab32d21d9040bbfb9.docx

