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Abstract
Left-sided colorectal cancer (LCRC) and right-sided colorectal cancer (RCRC) show 
marked differences in prognosis and therapeutic response, yet the underlying 
molecular mechanisms remain poorly understood. We hypothesize that these 
clinical differences reflect distinct cell-type-specific transcriptional programs and 
microenvironmental interactions that can be resolved at single-cell resolution. To 
test this hypothesis, this study analyzed single-cell transcriptomic data from 16 
colorectal cancer (CRC) patients (8 LCRC and 8 RCRC), revealing molecular differences 
between LCRC and RCRC in tumor cells, T cells, B cells, myeloid cells, fibroblasts, and 
endothelial cells, and constructing a differential atlas of LCRC versus RCRC. Significant 
molecular and cellular differences were observed between LCRC and RCRC. 
MTRNR2L8 was markedly upregulated in RCRC tumor cells and associated with poorer 
patient survival, potentially regulated by transcription factors STAT3, ELK3, and EP300. 
RCRC showed an increased proportion of the CD8-EFFECTOR 3 subpopulation, which 
co-expresses effector and exhaustion markers, suggesting favorable immunotherapy 
response. In contrast, the CD4-heat shock proteins (CD4-HSP) subpopulation was 
almost exclusively present in LCRC, suggesting a potential correlation with a weaker 
response to immune checkpoint inhibitors. Additionally, APP-CD74 ligand-receptor 
interactions were significantly enhanced in RCRC, potentially contributing to worse 
prognosis by inhibiting APP protein cleavage and promoting its accumulation. 
Validation was performed using an independent single-cell transcriptomic dataset, 
bulk RNA-seq data from TCGA CRC samples, and qPCR on locally collected 
CRC tissue specimens. In addition, a spatial transcriptomic dataset of CRC and 
immunohistochemistry data from the Human Protein Atlas (HPA) database were also 
used to validate part of the findings. This study provides a comprehensive single-cell 
transcriptomic atlas highlighting the molecular and cellular disparities between LCRC 
and RCRC, offering novel insights into tumor biology and informing the development 
of personalized therapeutic strategies.
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1  Introduction
Colorectal cancer (CRC) is a multifactorial malignancy influenced by lifestyle, dietary 
habits, and genetic predisposition. It remains one of the most prevalent and lethal can-
cers worldwide [1]. CRC can be classified into left-sided colorectal cancer (LCRC) and 
right-sided colorectal cancer (RCRC) based on the site of tumor occurrence. Epidemio-
logical studies have demonstrated that the prognosis of patients with RCRC is typically 
worse than that of patients with LCRC [2–4]. Moreover, the survival time and survival 
rate of patients with RCRC are significantly lower than those of patients with LCRC [5, 
6]. Additionally, the genomic characteristics of LCRC and RCRC are completely differ-
ent, with a high frequency of microsatellite instability (MSI) observed in RCRC patients, 
while chromosomal instability (CIN) is more prevalent in LCRC patients [7–10]. Fur-
thermore, the treatment responses of RCRC and LCRC are entirely different. For LCRC, 
adjuvant chemotherapy and targeted therapies show better efficacy. However, for RCRC, 
immunotherapy demonstrates better effectiveness [11]. Nevertheless, the molecular 
mechanisms underlying the differences in prognosis and treatment responses between 
LCRC and RCRC have not been widely elucidated. This limitation hinders the explora-
tion of targeted therapeutic approaches to improve the prognosis of LCRC and RCRC.

Single-cell RNA sequencing (scRNA-seq) can provide gene expression information at 
the single-cell resolution and has been extensively applied in cancer research in recent 
years. However, scRNA-seq studies directly interrogating the cellular programs under-
lying side-associated differences in CRC prognosis and therapy response remain lim-
ited. Here, we analyzed scRNA-seq data from 16 primary CRC tumors (8 LCRC and 8 
RCRC) and identified side-associated molecular features across six major cell popula-
tions. We refer to this framework as a “differential atlas”, defined as a single-cell reference 
map explicitly organized to highlight between-group differences (LCRC vs RCRC) in cell 
states, gene programs, pathway activities, and intercellular communication, rather than 
a generic cell census. To improve robustness, we validated key observations in an inde-
pendent GEO scRNA-seq dataset (12 LCRC and 11 RCRC), together with TCGA bulk 
RNA-seq. In addition, we performed quantitative real-time PCR (qPCR) using locally 
collected CRC tissues to confirm expression patterns of selected genes. Together, this 
differential atlas provides a systematic resource for understanding side-associated biol-
ogy in CRC and generates testable hypotheses for future mechanistic and translational 
studies.

2  Methods
2.1  Acquisition of scRNA-seq data

The single-cell sequencing data for the discovery cohort were obtained from the GEO 
database with registration number GSE200997 [12]. The dataset included a total of 23 
samples, including 16 tumor samples and 7 normal para-cancer samples, from a total 
of 16 colorectal cancer patients. In addition, among the 16 tumor samples, 8 were from 
LCRC patients and 8 were from RCRC patients.

The single-cell sequencing data for the validation cohort for this study were obtained 
from the GEO database with registration number GSE132465 [13]. The dataset included 
a total of 23 samples, comprising 12 LCRC samples and 11 RCRC samples.

Detailed clinical and sample information for all patients included in both cohorts is 
summarized in Supplementary Table 2.
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2.2  scRNA-seq data processing

The raw data we downloaded had undergone initial quality control, in which genes 
detected in fewer than three cells and cells expressing fewer than 200 genes were filtered 
out, and cells with > 25% mitochondrial gene content were removed. The original data-
set comprised 16 tumor and 7 paracancerous samples. As our analysis was confined to 
interrogating differences between RCRC and LCRC, we excluded the 7 paracancerous 
samples and retained only the 16 tumor samples for subsequent analysis. The expres-
sion matrix, after removing the para-cancer samples, contained 23,828 genes and 31,586 
cells, with an average of 1,974 cells per sample. “Seurat” (version 4.3.0) [14] software 
package was used for analysis of single-cell sequencing data. The depth of sequencing 
for each cell was first normalized using the “NormalizeData” function using the method 
“LogNormalize” and the parameter “scale.factor” using the default value 10000. Highly 
variable genes were identified using the “FindVariableFeatures” function with the “vst” 
method, selecting the top 2000 genes. The expression of all genes was normalized using 
the “ScaleData” function so that the distribution of the expression of each gene among 
different cells has a mean of 0 and a variance of 1. Additionally, the Python package 
“scanpy” [15] was used to visualize some of the dimensionality reduction results.

2.3  Clustering analysis

Principal Component Analysis (PCA) was applied to perform linear dimensionality 
reduction based on the 2000 highly variable genes obtained, and then the “FindNeigh-
bors” function was used to construct a KNN graph based on Euclidean distances in the 
PCA space and optimize the distance weights based on the shared overlap of any two 
cells in their local neighborhoods. Clustering was performed using the “FindClusters” 
function, and the clustering results were visualized using the non-linear dimensional-
ity reduction method t-distributed stochastic neighbor embedding (t-SNE) or uniform 
manifold approximation and projection (UMAP). Finally, these cell clusters were anno-
tated to known cell types based on the marker genes expressed by each cell cluster. The 
reclustering of cell subpopulations was performed using a similar procedure but with 
slightly different PCA dimensions and “resolution” parameters.

2.4  Inference of tumor cells

The “infercnv” (version 1.6.0) R package (https://github.com/broadinstitute/inferCNV) 
was used to calculate CNV scores for epithelial cells. T and B cells, which exhibit normal 
levels of copy number variation, were used as reference populations. Epithelial cells were 
clustered together with T and B cells using k-means based on their CNV scores. Cells 
clustering with T/B cells were classified as normal epithelial cells, while the remaining 
epithelial cells were considered malignant (tumor cells). CNV scores of each cluster were 
visualized using violin plots with the “geom_violin” function in the R package “ggplot2”.

2.5  Differential expression analysis and enrichment analysis

Differential expression analysis was performed using the “FindMarkers” and “FindAll-
Markers” functions in Seurat. The parameters of differential genes were set to 0.25 for 
min.pct and 0.25 for logfc.threshold. Only genes with min.pct > 0.25 and logfc.thresh-
old > 0.25 were identified as differential genes. The R package “clusterProfiler” (version 

https://github.com/broadinstitute/inferCNV
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4.8.1) [16] was used to conduct Gene Ontology analysis and KEGG pathway enrichment 
analysis of differential genes to see what functions these differential genes mainly play.

2.6  Gene set variation analysis

The R package “GSVA” (version 1.46.0) [17] was used for gene set variation analysis of 
cell subpopulations to see differences in gene set expression between different cell sub-
populations. The hallmark dataset used was downloaded from the ​h​t​t​p​s​:​/​/​w​w​w​.​g​s​e​a​-​m​
s​i​g​d​b​.​o​r​g​/​g​s​e​a​/​m​s​i​g​d​b​​​​ website. The resulting heatmap was generated by the R package 
“pheatmap” (version 1.0.12).

2.7  Pseudotime analysis

When performing pseudotime analysis on distinct subpopulations of tumor cells, the R 
packages “monocle” (version 2.26.0) [18], “monocle3” (version 1.3.4) [19], “CytoTRACE” 
(version 0.3.3) [20], and the Python package “phate” (version 1.0.11) [21] were utilized 
to identify differentiation relationships among various tumor cell subgroups. Moreover, 
the "BEAM" function within the monocle package was utilized to pinpoint pivotal genes 
at differentiation nodes. Subsequently, genes with a q-value below 1e-4 were chosen for 
Gene Ontology (GO) enrichment analysis, aiming to uncover the biological mechanisms 
governing differentiation among subpopulations of tumor cells.

2.8  Survival analysis

Survival analysis of differentially expressed genes identified between RCRC and LCRC 
patients was initially performed using GEPIA2 (http://gepia2.cancer-pku.cn/) [22] to 
explore their associations with patient prognosis. Specifically, the overall survival (OS) 
was conducted for the selected DEGs. In GEPIA2, the “Survival Analysis” module 
was employed. The patient cohort was automatically stratified into “High” and “Low” 
expression groups based on the median expression level of each queried gene within 
the TCGA-READ and TCGA-COAD datasets. The survival curves were generated using 
the Kaplan–Meier method, and the statistical significance of the difference between the 
two groups was assessed by the Log-rank test. A hazard ratio (HR) with 95% confidence 
interval (CI) and a Log-rank P < 0.05 were considered statistically significant.

To further evaluate whether MTRNR2L8 was independently associated with patient 
outcomes, a multivariate Cox proportional hazards regression analysis was addition-
ally performed in the TCGA-COAD cohort using the original clinical data and nor-
malized transcriptomic expression values (TPM). This model adjusted for established 
clinicopathological variables, including age, gender, clinical stage, and treatment status. 
Adjusted hazard ratios (HRs) and 95% confidence intervals (CIs) were estimated, and 
P < 0.05 were considered statistically significant.

2.9  Single-cell regulatory network inference analysis

Using "pySCENIC" (version 0.12.1) [23], single-cell regulatory network inference anal-
ysis was performed on tumor cells from RCRC and LCRC, aiming to identify specific 
regulons that regulate RCRC and LCRC tumor cells, respectively. Co-expression analysis 
was performed using "GRNBoost2" to identify target genes co-expressed with the tran-
scription factors and to obtain the co-expression network of the transcription factors 
and target genes. The identified co-expression networks were subsequently subjected to 

https://www.gsea-msigdb.org/gsea/msigdb
https://www.gsea-msigdb.org/gsea/msigdb
http://gepia2.cancer-pku.cn/
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motif analysis to distinguish between direct and indirect target genes. The reference co-
expression module used (hg38__refseq-r80__10kb__up_and_down_tss.mc9nr.genes_vs_
motifs.rankings.feather) was downloaded from ​h​t​t​p​s​:​/​/​r​e​s​o​u​r​c​e​s​.​a​e​r​t​s​l​a​b​.​o​r​g​/​c​i​s​t​a​r​g​e​t​/​​​​ 
website.

After obtaining the transcription factors specific to RCRC and LCRC tumor cells, a 
regulatory network of these transcription factors was constructed using “Cytoscape” 
software (version 3.9.1) [24].

2.10  Cell–cell communication analysis

Using the R package "CellChat" (version 1.6.0) [25], specific enrichment of ligand-recep-
tor pairs was computed based on the expression levels of ligands and receptors within 
each cell cluster, followed by the analysis of communication between different cell clus-
ters. Additionally, built-in functions within CellChat were used to visualize the commu-
nication patterns between various cell clusters.

2.11  Validation analysis using TCGA data

This study utilized bulk RNA-seq data from TCGA-READ and TCGA-COAD cohorts 
to assist in validating the differential analysis results. Based on the anatomical location 
of the samples, all cases were classified into LCRC (n = 297) and RCRC (n = 218). Differ-
ential gene expression analysis between LCRC and RCRC was performed using edgeR 
(version 3.40.2) [26], with differentially expressed genes identified based on a P-value 
threshold of < 0.05 and an absolute logFC greater than 0.4.

2.12  qPCR validation using tumor samples from a local CRC cohort

To validate the expression of MTRNR2L8, we performed quantitative real-time PCR 
(qPCR) on tumor tissue samples collected from a local cohort of 136 colorectal cancer 
patients. All specimens were obtained from the Second Affiliated Hospital of Guang-
zhou Medical University (Guangzhou, China). All patients were histologically diagnosed 
with CRC and had available tumor tissue samples preserved for molecular analysis. Key 
demographic and clinicopathological characteristics of this cohort are summarized in 
Supplementary Table 2. The internal reference gene and all primer sequences used for 
qPCR are provided in Supplementary Table 3.

Patients were stratified based on clinicopathological staging information. According to 
the American Joint Committee on Cancer (AJCC) staging system, there were 18 patients 
in stage I, 47 in stage II, 60 in stage III, and 11 in stage IV. Based on the T classifica-
tion, 24 patients were categorized as T1–T2 and 112 patients as T3–T4. For nodal sta-
tus, 68 patients were classified as N0, while the remaining 68 were classified as N1 or N2. 
Regarding distant metastasis, 125 patients were identified as M0 and 11 as M1.

2.13  Validation using spatial transcriptomic data

A spatial transcriptomic dataset of CRC (http://www.cancerdiversity.asia/scCRLM/) 
[27] was analyzed to validate the presence of the CD8-EFFECTOR 3 subpopulation. 
Co-expression patterns of immune activation genes (such as CXCL13 and PRF1) and 
immune exhaustion genes (such as PDCD1 and CD96) were examined within the tumor 
microenvironment.

https://resources.aertslab.org/cistarget/
http://www.cancerdiversity.asia/scCRLM/
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2.14  Validation using immunohistochemistry data from HPA database

To further validate gene expression patterns at the protein level, immunohistochem-
istry (IHC) data were retrieved from the HPA database [28]. Protein expression levels 
of selected key genes were examined in colorectal tumor tissues and matched normal 
tissues.

3  Results
3.1  Overview of the differential atlas of LCRC and RCRC

The discovery cohort comprised single-cell transcriptomic profiles from 16 tumor sam-
ples (8 LCRC and 8 RCRC). After excluding 7 paracancerous samples, a total of 31,586 
cells were retained for downstream analysis. Dimensionality reduction and clustering 
identified six major cell types—epithelial cells, T cells, B cells, myeloid cells, fibroblasts, 
and endothelial cells—each exhibiting distinct transcriptional profiles (Fig. 1).

Based on a number of well-recognized marker genes, we annotated these six cell clus-
ters as known cell types, including epithelial cells, T cells, B cells, myeloid cells, fibro-
blasts, and endothelial cells. All marker genes were expressed only in specific cell groups 
(Supplementary Fig. 1). These six cell types were present in both LCRC and RCRC sam-
ples, with endothelial cells, fibroblasts, myeloid cells, and B cells comprising similar pro-
portions in both LCRC and RCRC, whereas the proportions of epithelial cells and T cells 
differed markedly between the two groups. Furthermore, the cellular composition varied 
substantially across individual patients. (Supplementary Fig. 2).

3.2  Overall differences in tumor cells between LCRC and RCRC

We identified epithelial cells from the entire cell population using specific marker genes 
of epithelial cells, such as EPCAM and KRT18. These two genes show high-specific 
expression in epithelial cells, with minimal expression observed in other cell populations 
(Fig. 2A).

Based on the annotated epithelial cells, we employed inferCNV to infer copy number 
variation (CNV) status and identify malignant epithelial cells within the epithelial cell 

Fig. 1  Single cell atlas of RCRC and LCRC. The large central circle shows the six major cell types (epithelial cells, T 
cells, B cells, myeloid cells, fibroblasts, and endothelial cells). Surrounding the central plot are the embeddings of 
subclusters within each of the six major cell types, highlighting finer cellular heterogeneity
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population. T and B cells, which exhibit normal CNV levels, were used as reference pop-
ulations, and epithelial cells were clustered together with T and B cells using k-means 
based on their CNV scores. Cells clustering with T/B cells (clusters 3 and 5) were clas-
sified as normal epithelial cells, while the remaining epithelial cells (clusters 1, 2, 4, 6, 
and 7) were considered malignant (tumor cells). After classification, 7,026 tumor cells 
were retained for downstream analyses. The inferCNV results revealed clear differences 
in CNV profiles between malignant epithelial cells and reference T/B cells (Fig. 2B, C), 
supporting the distinction between tumor and non-tumor cells in our dataset.

After identifying all tumor cells (7,026 cells), in order to better understand the differ-
ences in the expression patterns of key signaling pathways between LCRC and RCRC 
tumor cells, we conducted gene set variation analysis (GSVA) on LCRC and RCRC 
tumor cells. LCRC and RCRC tumor cells exhibited distinct pathway expression pat-
terns. Signaling pathways such as “HALLMARK_MYC_TARGETS_V1” and “HALL-
MARK_OXIDATIVE_PHOSPHORYLATION” showed significantly higher scores in 
RCRC tumor cells compared to LCRC tumor cells (Fig. 2D).

We further conducted differential gene expression analysis between RCRC tumor 
cells (4,479 cells) and LCRC tumor cells (2,547 cells), exploring the overall gene expres-
sion differences in tumor cells between RCRC and LCRC. We identified 126 downregu-
lated genes and 221 upregulated genes in RCRC tumor cells compared to LCRC tumor 
cells. Among the upregulated genes in RCRC tumor cells, the gene MTRNR2L8 was 
the most significant (p_val_adj = 1.24e-150, avg_log2FC = 6.09) (Fig. 2E, F). GO enrich-
ment analysis of these genes revealed that the upregulated genes in RCRC tumor cells 
were predominantly enriched in pathways related to purine ribonucleotide metabolism, 
ribonucleotide metabolism, and other functional pathways. Downregulated genes were 
primarily enriched in pathways related to cytoplasmic translation and other functional 
processes (Fig. 2G).

Fig. 2  Overall differences between RCRC and LCRC tumor cells. A Feature plot of two marker genes for epithelial 
cells. B The result of inferCNV. C Violin plot of CNV scores for each cell cluster. D GSVA results for RCRC and LCRC 
tumor cells. E Scatter plot of expression levels of overall differential genes between RCRC and LCRC tumor cells. F 
Volcano plot of overall differential genes between RCRC and LCRC tumor cells. G Enrichment results of differentially 
expressed genes between RCRC and LCRC tumor cells
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3.3  Differences in tumor cell subpopulations between LCRC and RCRC

To further refine the differences between LCRC and RCRC tumor cells, we performed 
a secondary dimensionality reduction and clustering on all tumor cells. The entire set 
of 7,026 tumor cells was grouped into 7 subclusters. We annotated these seven cell 
subclusters according to their specifically expressed significant genes, including C1_
HSPA1B, C2_CEACAM6, C3_SPINK4, C4_REG1A, C5_CEACAM7, C6_PPBP, C7_
SRGN (Fig. 3A, B).

Among the seven tumor cell subclusters, the subclusters C6_PPBP and C4_REG1A 
were unique to RCRC patients, while the other five subclusters were present in both 
LCRC and RCRC patients. The proportion of subcluster C1_HSPA1B was significantly 
higher in LCRC patients (60.29%) than in RCRC patients (41.85%). Additionally, the 
composition of tumor cell subpopulations varied considerably across patients (Fig. 3C).

Subsequently, we computed the differentially expressed genes between the seven 
tumor cell subclusters of RCRC and the seven tumor cell subclusters of LCRC. The 
results revealed that in tumor cell subclusters such as C3_SPINK4 and C1_HSPA1B, 
the MTRNR2L8 gene remained the most significantly upregulated gene in RCRC com-
pared to LCRC, consistent with our earlier findings (C3_SPINK4: avg_log2FC = 8.16, 
C1_HSPA1B: avg_log2FC = 6.37) (Fig. 3D).

To delineate the biological features of the seven tumor cell subclusters, we conducted 
enrichment analysis on the highly expressed genes within each subcluster, identify-
ing the active biological pathways and processes specific to each tumor cell subcluster. 
The results indicated that the highly expressed genes in the RCRC-specific tumor cell 

Fig. 3  Differences in tumor cell subpopulations between RCRC and LCRC. A t-SNE plot showing the identified 
subsets of all tumor cells. B Heatmap showing the expression of marker genes for each tumor cell subcluster. C 
Stacked bar chart showing the proportions of different tumor cell subpopulations in RCRC and LCRC, as well as 
in individual patient samples. D Scatter plot showing the differential genes in various tumor cell subpopulations 
between RCRC and LCRC. E A combined heatmap and bar chart showing the marker genes of different tumor cell 
subpopulations and their enriched pathways. F Scatter plot showing the developmental trajectories of tumor cell 
subpopulations inferred by PHATE
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subgroups, C6_PPBP and C4_REG1A, were enriched in pathways associated with the 
unfolded protein response and with oxidative phosphorylation and the electron trans-
port chain, respectively (Fig. 3E).

In addition, we constructed the developmental trajectory of tumor cells to identify the 
malignancy levels of different tumor cell subgroups and understand the differentiation 
processes between subgroups. To determine the developmental order of the seven tumor 
cell subgroups, we initially inferred the differentiation sequence of tumor cell subgroups 
using CytoTRACE. The results indicated that tumor cell subgroups such as C1_HSPA1B 
and C3_SPINK4 exhibited a higher degree of differentiation with lower differentiation 
potential, while tumor cell subgroups like C6_PPBP, C2_CEACAM6, C3_REG1A dem-
onstrated a lower degree of differentiation with higher differentiation potential (Supple-
mentary Fig. 3A,B).

For cells in normal tissues, cells differentiated from those with high differentiation 
potential and low differentiation degree to those with low differentiation potential and 
high differentiation degree. However, a substantial amount of research indicated that in 
tumor cells, cells could undergo dedifferentiation. Cells with a high degree of differen-
tiation could transform into cells with high differentiation potential, low differentiation 
degree, and strong stemness. The lower the degree of differentiation, the more malignant 
the tumor cells became. Therefore, we defined subgroups such as C1_HSPA1B and C3_
SPINK4, characterized by high differentiation and low malignancy, as the developmental 
starting points of tumor cells.

Based on the developmental order of tumor cell subclusters inferred by CytoTRACE, 
we utilized monocle2 to infer the developmental trajectory of tumor cell subclusters. 
The results were consistent with the predictions made by CytoTRACE, where subclus-
ters such as C1_HSPA1B and C3_SPINK4 were positioned at the starting point of the 
developmental trajectory, while subclusters like C6_PPBP and C4_REG1A were located 
at the endpoint of the trajectory. Cells gradually developed from the State1 branch 
towards the State2 and State3 branches (Supplementary Fig. 3C). We conducted a devel-
opmental trajectory branch analysis to investigate the specific process of tumor cell dif-
ferentiation from the initial state into two branches. A total of 779 key genes involved in 
the differentiation of primitive tumor cells into two directions were identified, and these 
genes were categorized into four clusters. Each cluster exhibited different expression 
patterns in the two branches. Subsequently, GO enrichment analysis was performed on 
the genes in each cluster. The enrichment results showed that genes upregulated in the 
State3 branch were enriched in pathways related to the MHC protein complex. Con-
versely, genes upregulated in the State2 branch were enriched in processes such as anti-
oxidant activity, endopeptidase and peptidase inhibitor activity (Supplementary Fig. 3D).

To better illustrate the process of tumor cell development and enhance the devel-
opmental trajectory's reliability, we also employed monocle3 and PHATE to infer the 
tumor cells’ developmental trajectory. The inference results from monocle3 and PHATE 
were consistent with the previous findings (Fig. 3F, Supplementary Fig. 3E).

In summary, the developmental trajectory revealed that tumor cells progressed from 
subpopulations with higher differentiation and lower malignancy, such as C1_HSPA1B 
and C3_SPINK4, towards subpopulations with lower differentiation and higher malig-
nancy, including C6_PPBP, C4_REG1A, C2_CEACAM6, and others. Notably, the 
subpopulations C6_PPBP and C4_REG1A, situated at the end of the developmental 
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trajectory and characterized by higher malignancy, were specific to RCRC patients. In 
contrast, the subpopulation C1_HSPA1B, located at the starting point of the trajectory 
and exhibiting lower malignancy, was significantly more prevalent in LCRC than in 
RCRC. This further emphasized the heightened malignancy of RCRC tumor cells com-
pared to LCRC.

3.4  Analysis of the upregulated gene MTRNR2L8 in RCRC tumor cells

In the earlier stages of our research, we identified that the MTRNR2L8 gene was the 
most significantly upregulated gene in RCRC tumor cells compared to LCRC tumor 
cells. Consequently, we conducted a detailed analysis of this gene to investigate whether 
it was a key factor contributing to the differences in survival and prognosis between 
LCRC and RCRC patients. Additionally, we aimed to explore the mechanisms through 
which this gene influenced survival and prognosis.

First, we conducted a survival analysis on the MTRNR2L8 gene based on TCGA 
data using GEPIA2 to investigate whether the expression level of the MTRNR2L8 
gene impacts the survival and prognosis of CRC patients. The results revealed that 
elevated expression levels of the MTRNR2L8 gene were linked to decreased survival 
rates among CRC patients (Log-rank test P = 0.026) (Fig.  4A). To further assess the 
prognostic relevance of MTRNR2L8 while accounting for potential clinical confound-
ers, a multivariate Cox proportional hazards regression analysis was performed in the 
TCGA-COAD cohort. After adjustment for age, gender, clinical stage, and treatment 

Fig. 4  Analysis of MTRNR2L8 gene. A Kaplan–Meier plot showing overall survival in patients stratified based on the 
expression level of MTRNR2L8 gene. B Violin plot showing the expression of the MTRNR2L8 gene in RCRC tumor cell 
subpopulations and LCRC tumor cell subpopulations. C Volcano plot showing the differential genes between the 
C3_SPINK4 subpopulation of RCRC and the C3_SPINK4 subpopulation of LCRC. D Dot plot showing the enriched 
pathways (pathways that contain the MTRNR2L8 gene) of upregulated genes in the C3_SPINK4 subpopulation 
of RCRC. E Top 5 transcription factors inferred by SCENIC for the C3_SPINK4 subpopulation of RCRC and LCRC. F 
Transcriptional regulatory network of the transcription factors EP300, ELK3, and STAT3, generated using Cytoscape
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status, MTRNR2L8 expression remained significantly associated with overall survival 
(HR = 2.07, 95% CI 1.35–3.18, P = 0.0009), indicating that MTRNR2L8 provides prognos-
tic information beyond standard clinicopathological variables (Fig.  4B). Therefore, the 
upregulation of the MTRNR2L8 gene in RCRC tumor cells may be one of the factors 
contributing to the poorer prognosis of RCRC patients.

Subsequently, we examined the expression of the MTRNR2L8 gene in the seven tumor 
cell subclusters of LCRC and RCRC. The findings indicated that the expression of the 
MTRNR2L8 gene showed the most significant differences between LCRC and RCRC in 
the tumor cell subcluster C3_SPINK4 (Fig. 4C).

To further explore the specific mechanisms by which the MTRNR2L8 gene may con-
tribute to the poorer prognosis and survival outcomes in RCRC patients, we conducted 
a differential gene expression analysis between the C3_SPINK4 subcluster of RCRC and 
that of LCRC. The results of the differential analysis revealed that the MTRNR2L8 gene 
remained the most significantly upregulated gene in the C3_SPINK4 subcluster of RCRC 
compared to the C3_SPINK4 subcluster of LCRC (Fig.  4D). Then, we conducted GO 
enrichment analysis on the upregulated genes in the C3_SPINK4 subcluster of RCRC. 
We extracted pathways containing the MTRNR2L8 gene and ultimately identified that 
the main pathways were related to apoptosis (Fig. 4E). Hence, the MTRNR2L8 gene may 
contribute to the poorer prognosis and survival of RCRC patients by influencing biologi-
cal processes such as apoptosis.

To further elucidate the upstream regulatory mechanisms leading to the upregulation 
of the MTRNR2L8 gene in RCRC tumor cells, we conducted a transcription factor analy-
sis on the C3_SPINK4 subcluster of RCRC, and the C3_SPINK4 subcluster of LCRC, 
identifying the top five most specific transcription factors for each cell subpopulation. 
The five most specific transcription factors for the C3_SPINK4 subcluster of LCRC were 
RCOR1, CEBPG, HES6, HES2, and YY1. For the C3_SPINK4 subcluster of RCRC, the 
top five most specific transcription factors were TCF12, ELK3, ETS1, EP300, and STAT3 
(Fig. 4F).

Intriguingly, we found that among the top five most specific transcription fac-
tors for the C3_SPINK4 subcluster of RCRC, three transcription factors had a regula-
tory role on the MTRNR2L8 gene. These were STAT3, ELK3, and EP300. Therefore, we 
further constructed a transcriptional regulatory network using Cytoscape, revealing 
that MTRNR2L8 was the only gene co-regulated by these three transcription factors 
(Fig. 4G).

3.5  Validation of the MTRNR2L8 gene

We first validated the expression difference of the MTRNR2L8 gene between LCRC and 
RCRC tumor cells using bulk RNA-seq data from the TCGA colorectal cancer cohort, 
which included 297 LCRC samples and 218 RCRC samples. Using edgeR, we performed 
differential expression analysis on the bulk RNA-seq data of LCRC and RCRC, identi-
fying a total of 4596 upregulated genes and 1,497 downregulated genes in RCRC com-
pared to LCRC. Notably, MTRNR2L8 was among the upregulated genes (Supplementary 
Fig. 4A).

Furthermore, we performed a Spearman correlation analysis between the expression 
levels of MTRNR2L8 and three transcription factors ELK3, EP300, and STAT3. The 
results showed a strong correlation between MTRNR2L8 expression and ELK3 (R = 0.3; 
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P = 5.4 × 10⁻6), EP300 (R = 0.4; P = 5.5 × 10⁻10), and STAT3 (R = 0.29; P = 1.2 × 10⁻5) (Supple-
mentary Fig. 4B, C, D).

These results further validate the differential expression of MTRNR2L8 between RCRC 
and LCRC tumor cells. The significant upregulation of MTRNR2L8 in RCRC tumor cells 
may be attributed to regulatory effects exerted by transcription factors such as ELK3, 
EP300, and STAT3.

To further validate the role of MTRNR2L8 in CRC progression, we performed qPCR 
experiments on tumor samples from 136 local CRC patients (Supplementary Table 1). 
The results showed a gradual increase in MTRNR2L8 expression with CRC progression 
(Supplementary Fig. 5A). Notably, a significant difference in MTRNR2L8 expression was 
observed between Stage II and Stage IV tumors (P = 0.031) (Supplementary Fig. 5B).

Subsequently, we grouped Stage I and Stage II as early-stage CRC and Stage III and 
Stage IV as late-stage CRC. The analysis revealed a significant difference in MTRNR2L8 
expression between the early- and late-stage groups (P = 0.046) (Supplementary Fig. 5C). 
Additionally, we examined the expression differences of MTRNR2L8 across lymph node 
metastasis stages (N1 + N2 vs. N0) and found that MTRNR2L8 expression was signifi-
cantly higher in the N1 + N2 group compared to the N0 group (P = 0.041) (Supplemen-
tary Fig.  5D). These findings suggest that MTRNR2L8 plays a significant role in CRC 
progression and metastasis.

3.6  Differences in T cells between LCRC and RCRC

To further investigate the differences in T cell subpopulations between LCRC and 
RCRC, we performed re-dimensionality reduction, clustering, subgrouping, and annota-
tion on all T cells (16,730 cells), identifying 19 T cell subpopulations (Fig. 5A, B).

Fig. 5  Differences in T cell subpopulations between RCRC and LCRC. A t-SNE plot showing the identified subsets 
of all T cells. B Heatmap showing the expression of marker genes for each T cell subcluster. C Stacked bar chart 
showing the proportions of different T cell subpopulations in RCRC and LCRC, as well as in individual patient 
samples. D Differences in proportions of T cell subpopulations between RCRC (n = 8) and LCRC (n = 8) samples. Pro-
portions were calculated per sample, and group differences were assessed using a two-sided Wilcoxon rank-sum 
test; p-values are shown. E Feature plot showing the expression of several activation or exhaustion-related genes in 
the CD8-EFFECTOR 3 subpopulation. F Violin plot showing the expression of several genes involved in mediating 
effector functions in the CD8-EFFECTOR 3 subpopulation
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Subsequently, we calculated the proportions of the 19 T cell subpopulations. Among 
these 19 subpopulations, the proportions of CD4-RP1, CD4-RP2, and CD8-EFFECTOR 
3 subpopulations were significantly higher in RCRC T cells compared to LCRC T cells, 
while the proportion of the CD4-HSP subpopulation was significantly higher in LCRC T 
cells compared to RCRC T cells (Fig. 5c).

To further identify the T cell subpopulations with significant proportion differences 
between LCRC and RCRC, we conducted significance tests on the proportion differ-
ences of the 19 T cell subpopulations between LCRC patient samples and RCRC patient 
samples. The results showed that the proportion differences of the CD8-EFFECTOR 3 
and NK-CELLS subpopulations between LCRC patient samples and RCRC patient sam-
ples were significant. The CD8-EFFECTOR 3 subpopulation had a higher proportion in 
RCRC patient samples, while the NK-CELLS subpopulation had a higher proportion in 
LCRC patient samples (Fig. 5D).

We subsequently conducted further analysis on the CD8-EFFECTOR 3 subpopulation. 
The CD8-EFFECTOR 3 subpopulation expressed GZMA, GZMH, IFNG, PRF1, and 
CCL4, which have been proven to mediate effector functions [29–32] (Fig. 5F). Interest-
ingly, the CD8-EFFECTOR 3 subpopulation also expressed marker genes associated with 
activation (CXCL13) as well as exhaustion (LAG3, HAVCR2, CD96, PDCD1) (Fig. 5E). 
To further characterize the biological features of the CD8-EFFECTOR 3 subpopulation, 
we performed GO and KEGG enrichment analyses on the genes specifically expressed in 
this subpopulation. The KEGG enrichment analysis results indicated that these marker 
genes were primarily enriched in pathways such as Antigen Processing and Presenta-
tion, Cell Adhesion Molecules, and Natural Killer Cell-Mediated Cytotoxicity. The GO 
enrichment analysis results revealed that these marker genes were mainly enriched in 
processes such as Regulation of T Cell Activation, Leukocyte Cell–Cell Adhesion, and 
Negative Regulation of Immune System Process (Supplementary Fig. 6). Therefore, the 
above results suggested that the CD8-EFFECTOR 3 subpopulation was in an immune 
activation state while also exhibiting signs of exhaustion.

To validate the proportional differences of the CD8-EFFECTOR 3 subpopulation 
between LCRC and RCRC, we analyzed the single-cell transcriptomic data from the 
validation cohort (GSE132465). The results of dimensionality reduction and clustering 
revealed that all cells were classified into five clusters (Supplementary Fig. 7A). Based on 
specific marker genes, we annotated the five cell populations to known cell types (Sup-
plementary Fig. 7B).

We extracted T cells for further dimensionality reduction and clustering, resulting in 
13 subpopulations of T cells (Supplementary Fig.  8A, B). Subsequently, we calculated 
the proportions of these subpopulations in the LCRC and RCRC patient samples. The 
results confirmed our previous findings, showing that the proportion of CD8 + Effector 
3 subpopulation, which simultaneously expresses exhaustion and cytotoxicity genes, was 
significantly higher in RCRC T cells compared to LCRC T cells (Supplementary Fig. 8C, 
D).

To confirm the presence of cell subpopulations simultaneously expressing immune 
activation and exhaustion genes within the CRC microenvironment, we analyzed a 
spatial transcriptomic dataset of colorectal cancer. Immune exhaustion genes such as 
PDCD1 and CD96, along with immune activation genes such as CXCL13 and PRF1, 
showed spatial co-localization with high expression levels in specific tissue regions 
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(Fig. 6). This spatial co-expression pattern supports the existence of functionally com-
plex immune subpopulations, such as the CD8-EFFECTOR 3 subset, within localized 
areas of the tumor microenvironment.

Additionally, to explore the overall gene expression differences between RCRC T cells 
and LCRC T cells, we performed differential expression analysis on RCRC T cells (6472 
cells) and LCRC T cells (10258 cells). We identified 177 downregulated genes and 83 
upregulated genes in RCRC T cells compared to LCRC T cells. The genes that were 
upregulated in RCRC T cells included CXCL13, IFITM1, IGKC, and others. In contrast, 
the genes that were upregulated in LCRC T cells primarily included heat shock genes 
such as HSPA1A, HSPA1B, HSPA6, and others (Supplementary Fig.  9A). The upregu-
lated genes in RCRC T cells were mainly enriched in GO pathways such as humoral 
immune response and immunoglobulin receptor binding, as well as KEGG pathways like 
antigen processing and presentation (Supplementary Fig. 9B). The downregulated genes 
were mainly enriched in GO pathways such as protein folding and heat shock protein 
binding, as well as KEGG pathways including apoptosis and IL-17 signaling pathway 
(Supplementary Fig. 9C).

3.7  Differences in myeloid cells between LCRC and RCRC

Next, we analyzed the differences between LCRC myeloid cells (608 cells) and RCRC 
myeloid cells (361 cells). All myeloid cells were further subdivided into 7 myeloid cell 
subgroups (Supplementary Fig. 10A, B).

We calculated the proportions of the seven myeloid cell subgroups and found that the 
proportion of TUMOR-ASSOCIATED MACROPHAGES (TAMs) was higher in RCRC, 

Fig.  6  Spatial transcriptomic evidence for the presence of CD8-EFFECTOR 3 T cell subpopulations in the CRC 
tumor microenvironment. A Original image of the CRC tumor tissue section. B Spatial plot showing the average 
expression of four key genes (PDCD1, CD96, CXCL13, and PRF1), indicative of co-expression of immune exhaustion 
and activation markers. C Individual spatial expression patterns of PDCD1, CD96, CXCL13, and PRF1
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while the proportion of MONOCYTES was higher in LCRC (Supplementary Fig. 10C). 
Significance testing demonstrated that the difference in TAMs proportions between 
LCRC and RCRC was statistically significant (Supplementary Fig. 10D).

Notably, certain genes associated with a pro-inflammatory phenotype, such as S100A8 
and S100A9 [33, 34], were highly expressed in the MONOCYTES subgroup (Supple-
mentary Fig. 10E). Additionally, the TAMs subgroup highly expressed genes associated 
with anti-inflammatory characteristics, such as APOE and CD163 [35–37] (Supplemen-
tary Fig. 10F).

We also performed differential analysis of LCRC and RCRC myeloid cells, identify-
ing 42 downregulated genes and 18 upregulated genes in RCRC myeloid cells compared 
to LCRC myeloid cells. The upregulated genes mainly include APOE, APOC1, SPP1, 
and CCL18 (Supplementary Fig.  11A). The upregulated genes in RCRC myeloid cells 
were primarily enriched in GO pathways such as immunoglobulin-mediated immune 
response and cell junction disassembly, as well as KEGG pathways including comple-
ment and coagulation cascades and efferocytosis (Supplementary Fig. 11B). The upreg-
ulated genes in LCRC myeloid cells were primarily enriched in GO pathways such as 
regulation of translation and translation regulator activity, as well as KEGG pathways 
including viral myocarditis and antigen processing and presentation (Supplementary 
Fig. 11D).

3.8  Differences in fibroblasts between LCRC and RCRC

We further analyzed the differences between LCRC fibroblasts (330 cells) and RCRC 
fibroblasts (313 cells). All fibroblasts were divided into 4 subgroups (Supplementary 
Fig. 12A,B). There were no significant differences in the proportions of the four fibro-
blast subgroups between LCRC and RCRC (Supplementary Fig. 12C).

Gene expression differential analysis identified 6 downregulated genes and 37 upregu-
lated genes in RCRC fibroblasts compared to LCRC fibroblasts. The upregulated genes 
mainly include HSPA6, HSPH1, SFRP2, and ICAM1 (Supplementary Fig.  12D). The 
upregulated genes in RCRC fibroblasts were primarily enriched in GO pathways such as 
response to unfolded protein and extrinsic apoptotic signaling pathway. The downregu-
lated genes were mainly enriched in GO pathways including focal adhesion and cadherin 
binding (Supplementary Fig. 12E, F).

3.9  Differences in B cells between LCRC and RCRC

We also conducted an analysis to compare LCRC B cells (2123 cells) with RCRC B cells 
(2901 cells). All B cells were divided into 8 subgroups (Supplementary Fig. 13A, B). The 
MIXED B CELLS and PLASMA B CELLS subgroups had higher proportions in RCRC 
B cells compared to LCRC B cells, while the HSP B CELLS and NAIVE B CELLS sub-
groups had higher proportions in LCRC B cells compared to RCRC B cells (Supplemen-
tary Fig. 13C). Interestingly, the HSP B CELLS subgroup was almost exclusively present 
in LCRC.

Differential analysis identified 194 downregulated genes and 52 upregulated genes in 
RCRC B cells compared to LCRC B cells. The upregulated genes mainly include IGKV1-
16, IGLV1-47, and IGLV6-57, while the downregulated genes primarily consist of heat 
shock protein genes such as HSP90AA1, DNAJB1, HSPA1A, and HSPA1B (Supplemen-
tary Fig. 13D). The upregulated genes in RCRC B cells were primarily enriched in GO 
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pathways such as immunoglobulin production and immunoglobulin-mediated immune 
response. The downregulated genes were mainly enriched in GO pathways including 
protein folding and response to heat (Supplementary Fig. 13E, F).

3.10  Differences in endothelial cells between LCRC and RCRC

Finally, we analyzed the differences between LCRC endothelial cells (196 cells) and 
RCRC endothelial cells (205 cells). All endothelial cells were divided into 4 subgroups. 
There were no significant differences in the proportions of these 4 endothelial cell sub-
groups between LCRC and RCRC (Supplementary Fig. 14A, B, C).

Subsequently, we identified differential genes between LCRC endothelial cells and 
RCRC endothelial cells, finding 4 downregulated genes and 5 upregulated genes in 
RCRC endothelial cells compared to LCRC endothelial cells. The upregulated genes 
were DNAJB1, JUN, HSPA1B, BST2, and HSPA8, while the downregulated genes were 
RPS2, IFITM2, HTRA1, and IGFBP2 (Supplementary Fig. 14D).

3.11  Analysis of cell communication in LCRC and RCRC

To provide a more in-depth elucidation of the interactions among different cell types 
and their variances between LCRC and RCRC, we employed CellChat for cell communi-
cation analysis.

The results indicated that the number of interactions between fibroblasts and tumor 
cells in RCRC (with fibroblasts as signal ligands and tumor cells as signal receptors), as 
well as the number of interactions within fibroblasts, was significantly higher than in 
LCRC (Fig.  7A, B). Additionally, the communication level of the ligand-receptor pair 
APP-CD74 was significantly higher in RCRC than in LCRC (Fig. 7C, D).

Previous studies have shown that APP-CD74 interactions can inhibit the cleav-
age of APP into β-amyloid. In addition, APP plays a key role in promoting tumor cell 

Fig. 7  Results of the cell communication analysis generated by CellChat. A Chord diagram showing the number 
of interactions among different cell types. B Heatmap showing the differences in the number and strength of cell–
cell interactions between LCRC and RCRC. C Dot plot showing the interactions between tumor cells and other cell 
types. D Dot plot showing the interactions between other cell types and tumor cells
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proliferation and invasion. Therefore, the enhanced APP-CD74 interaction observed 
in RCRC may lead to APP accumulation in the tumor microenvironment, potentially 
contributing to increased malignancy and poorer prognosis in RCRC. To validate this 
hypothesis, we examined immunohistochemistry data for APP protein in normal and 
tumor colorectal tissues from HPA database. The results showed that APP protein 
expression was markedly higher in tumor tissues compared to normal tissues (Fig. 8).

4  Discussion
In our study, we constructed a single-cell transcriptomic landscape highlighting the dif-
ferences between LCRC and RCRC. This landscape describes the heterogeneity between 
LCRC and RCRC across various cell types and further identifies the associations between 
these molecular differences and variations in prognosis and treatment response.

Two tumor cell subclusters, C6_PPBP and C4_REG1A, were identified, both exhibited 
higher malignancy and were specific to RCRC. The highly expressed genes in these two 
subclusters were enriched in pathways related to oxidative phosphorylation and electron 
transport chain. Therefore, using drugs that target pathways, such as oxidative phos-
phorylation, may be more effective for RCRC.

Additionally, we identified MTRNR2L8 as the most significantly upregulated gene in 
RCRC tumor cells compared to LCRC tumor cells. Pathway enrichment analysis further 
indicated that elevated MTRNR2L8 expression was associated with transcriptional pro-
grams related to apoptotic processes in RCRC tumor cells. Transcription factor analysis 
revealed that MTRNR2L8 expression was correlated with the activity of transcription 
factors such as STAT3, ELK3, and EP300, suggesting potential upstream regulatory 

Fig. 8  Validation of APP protein accumulation in CRC tumor tissues using immunohistochemistry data from HPA. 
A, B IHC images of APP protein expression in normal colorectal tissues (sample IDs: 1832 and 2404). C, D IHC im-
ages of APP protein expression in colorectal tumor tissues (sample IDs: 192 and 418). All images were obtained 
using the HPA001462 antibody
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associations. These expression and association patterns were further supported by anal-
yses of TCGA datasets. Additionally, qPCR experiments on locally collected CRC sam-
ples revealed that MTRNR2L8 expression levels increased with tumor stage and were 
higher in metastatic tumors compared to non-metastatic ones. Together, these results 
indicate that MTRNR2L8 is a risk-associated marker, with higher expression observed in 
RCRC, advanced tumor stages, and metastatic tumors.

Supporting evidence from previous studies further suggests potential functional 
roles of MTRNR2L8 in cancer. Single-cell analysis in colorectal cancer has shown that 
MTRNR2L8 is highly expressed in exhausted CD8 + T cells, particularly in right-sided 
tumors, and may be involved in T cell differentiation and patient prognosis through 
interactions with Treg, proliferative, invasive, and endothelial cells (CXCL13 and TGFB-
TGFBR signaling) [38]. In hepatocellular carcinoma, MTRNR2L8 was identified as the 
most important feature in a predictive exosomal RNA signature, highlighting its poten-
tial relevance in cancer risk stratification [39]. Moreover, studies on CD19 CAR-T cells 
revealed that MTRNR2L8, encoding the Humanin-like 8 peptide, can regulate metabolic 
fitness and anti-apoptotic programs, suggesting a role in cell survival and apoptosis reg-
ulation [40]. Collectively, these findings support the notion that MTRNR2L8 may con-
tribute to cellular programs associated with tumor progression and risk, consistent with 
our observations in this study.

Through the analysis of T cells, we found that the proportion of the CD8-EFFECTOR 
3 subpopulation differed significantly between LCRC and RCRC patient samples. By 
conducting additional analysis of the CD8-EFFECTOR 3 subpopulation, we discovered 
that this subpopulation exhibited high expression of marker genes related to both acti-
vation (CXCL13) and exhaustion (LAG3, HAVCR2, CD96, PDCD1). CXCL13 promotes 
the formation of tertiary lymphoid structures (TLS) and functional immune responses 
by attracting B cells and follicular helper T cells. In the tumor microenvironment, the 
presence of CXCL13 and TLS is associated with stronger anti-tumor immune responses 
and better prognosis [41–44]. LAG3 transmits inhibitory signals to T cells by binding to 
its ligand, thereby suppressing T cell function. In cancer, tumor cells can upregulate the 
expression of LAG3 and its ligands to inhibit T cell anti-tumor activity, helping tumor 
cells evade attacks from the immune system [45–48]. HAVCR2 also transmits inhibitory 
signals by binding to its ligand, leading to T cell exhaustion. By suppressing the function 
of anti-tumor T cells and NK cells, HAVCR2 supports tumor cell survival and prolif-
eration [49–51]. By binding to its ligands PD-L1 or PD-L2, PD-1 transmits inhibitory 
signals that reduce T cell proliferation and cytokine secretion, leading to T cell exhaus-
tion [52–54]. The high expression of CXCL13 indicates that the CD8-EFFECTOR 3 sub-
population is in an activated state, possibly actively participating in immune responses. 
At the same time, the elevated expression of negative immune regulatory molecules 
such as LAG3, HAVCR2, CD96, and PDCD1 suggests that CD8-EFFECTOR 3 cells are 
also exhibiting signs of immune exhaustion, rendering them unable to sustain effective 
tumor cell killing. Furthermore, through the single-cell transcriptomic data from the val-
idation cohort, we also confirmed the proportional differences of the T cell subpopula-
tions, which simultaneously express exhaustion and cytotoxicity genes, between LCRC 
and RCRC.

In summary, the significantly higher proportion of the CD8-EFFECTOR 3 subpopula-
tion in RCRC compared to LCRC may indicate that RCRC patients are more sensitive to 
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immune checkpoint inhibitors than LCRC patients. Specifically, since the CD8-EFFEC-
TOR 3 subpopulation highly expresses immune checkpoint proteins such as LAG3, 
HAVCR2, and PDCD1, simultaneously targeting multiple immune checkpoints by 
using a combination of checkpoint inhibitors may overcome resistance to a single drug, 
enhancing treatment efficacy and improving response rates in RCRC patients.

Interestingly, we also identified a T cell subpopulation, CD4-HSP, that is almost exclu-
sively present in LCRC and highly expresses certain heat shock genes. Recent studies 
have identified a T cell subpopulation, TSTR, through pan-cancer analysis, which also 
highly expresses heat shock genes and has been shown to be associated with adverse 
responses to immune checkpoint inhibitor therapy, representing a unique resistance 
mechanism to such treatments [55]. This is consistent with our findings, which identi-
fied a T cell subpopulation, CD4-HSP, that is unique to LCRC and is nearly absent in 
RCRC. This further suggests that the poor response to immune checkpoint inhibitor 
therapy in LCRC may be due to the presence of the CD4-HSP T cell subpopulation.

For myeloid cells, we found that the proportion of the MONOCYTES subpopulation 
in all LCRC myeloid cells was significantly higher than in all RCRC myeloid cells, while 
the proportion of the TUMOR-ASSOCIATED MACROPHAGES (TAMs) subpopula-
tion was higher in all RCRC myeloid cells compared to all LCRC myeloid cells. We also 
found that the MONOCYTES subpopulation highly expresses genes associated with a 
pro-inflammatory phenotype, indicating a strong pro-inflammatory profile. The TAMs 
subpopulation exhibited high expression of genes associated with anti-inflammatory 
characteristics, such as APOE and CD163, suggesting that this TAM subpopulation cor-
responds to M2-type macrophages. M2 macrophages promote tumor immune suppres-
sion and tumor progression by enhancing tumor angiogenesis or indirectly inducing 
interactions among immune cells in the tumor microenvironment [56, 57]. Therefore, 
the significantly higher proportion of TAMs in RCRC compared to LCRC may be one of 
the reasons for the poorer prognosis in RCRC. This also suggests that for RCRC patients, 
using drugs that target TAMs may be more effective, potentially enhancing immuno-
therapy and improving the prognosis of RCRC patients.

Differential analysis of LCRC and RCRC myeloid cells revealed that the genes most 
upregulated in RCRC myeloid cells include APOE, APOC1, SPP1, and CCL18. APOE is 
a known anti-inflammatory gene [35]. It has been reported that APOC1 is associated 
with cancer progression and promotes tumor cell proliferation, migration, and invasion 
[58]. Additionally, APOC1 levels are correlated with M2 tumor-associated macrophages 
(TAMs), serving as an immune biomarker that regulates macrophage polarization and 
promotes tumor metastasis [59]. Studies have shown that inhibiting APOC1 expression 
can promote the conversion of M2 macrophages to M1 macrophages through ferrop-
tosis and enhance the efficacy of anti-PD-1 immunotherapy [60]. Therefore, for RCRC, 
combining APOC1 inhibition with immunotherapy may yield better outcomes. Research 
has found that SPP1 expression in TAMs is associated with poor tumor prognosis and 
chemotherapy resistance [61]. Moreover, other studies have indicated that SPP1 + mac-
rophages may be linked to cellular senescence, contributing to poor tumor prognosis 
[62]. Thus, the high expression of SPP1 in RCRC myeloid cells may be one of the rea-
sons for the poorer prognosis and reduced response to chemotherapy in RCRC patients. 
Studies have shown that CCL18 is a biomarker of poor tumor prognosis. TAM-derived 
CCL18 can promote tumor cell metastasis [63, 64]. Additionally, research has confirmed 
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that CCL18 can induce the maturation of monocytes into M2 macrophages [65]. There-
fore, the high expression of CCL18 in RCRC myeloid cells may be one of the reasons for 
the poorer prognosis and the higher proportion of TAMs in RCRC.

For fibroblasts, the differential analysis revealed that genes such as HSPA6, HSPH1, 
SFRP2, and ICAM1 were upregulated in RCRC fibroblasts. Studies have shown that 
WNT16B is a therapy-induced modulator of chemotherapy sensitivity [66], and the 
expression of SFRP2 in fibroblasts can enhance WNT16B signaling, increasing tumor 
resistance to chemotherapy [67]. Therefore, the upregulation of SFRP2 in RCRC fibro-
blasts may contribute to the poor response of RCRC to chemotherapy. In addition, lit-
erature reports that ICAM1 expression in fibroblasts can promote the progression of 
colorectal cancer by activating AKT and STAT3 [68]. Thus, the upregulation of ICAM1 
in RCRC fibroblasts may also contribute to the higher malignancy and poorer prognosis 
of RCRC.

By analyzing B cells, we discovered a B cell subpopulation, HSP B CELLS, which is 
nearly exclusive to LCRC and absent in RCRC. However, studies on this B cell sub-
population characterized by high HSP gene expression remain scarce, and its influence 
on tumor prognosis and treatment response warrants further investigation. Addition-
ally, differential analysis revealed that genes such as IGKV1-16, IGLV1-47, and IGLV6-
57 were upregulated in RCRC B cells. These genes are all immunoglobulin-related, and 
their high expression in RCRC B cells may reflect the active state of B cells in the tumor 
microenvironment, suggesting a better response to immune checkpoint inhibitor ther-
apy in RCRC.

Cell communication analysis revealed that the communication level of the APP-CD74 
ligand-receptor pair was significantly higher in RCRC than in LCRC. The APP protein, 
under the action of specific enzymes, can be cleaved to produce β-amyloid, which is 
associated with neurodegenerative diseases such as Alzheimer's. Previous studies have 
reported that the interaction between APP and CD74 can inhibit the production of 
β-amyloid [69]. Additionally, APP protein has been shown to promote the proliferation 
of cancer cells in colorectal cancer and breast cancer, playing an important role in tumor 
cell proliferation and invasion [70–72]. Therefore, our results suggest that the relatively 
stronger interaction between APP and CD74 in RCRC may prevent the cleavage of APP 
protein into β-amyloid, potentially leading to the accumulation of APP protein in the 
RCRC tumor microenvironment. This accumulation of APP protein may further pro-
mote tumor cell proliferation and invasion, contributing to the higher malignancy and 
poorer prognosis of RCRC tumor cells.

However, our study has some limitations. First, the conclusions drawn from this 
research require further experimental validation, including functional perturbation 
of key genes (e.g., knockdown or overexpression of MTRNR2L8 in CRC cell lines or 
organoids with apoptosis- and stress-related readouts), co-culture assays to interrogate 
prioritized ligand–receptor interactions (such as the APP–CD74 axis) with immune 
functional endpoints, and spatially resolved validation approaches (e.g., RNAscope or 
multiplex immunofluorescence) to confirm the localization of key cell states. Second, 
the data used in this study are relatively limited in size, and it would be beneficial to 
further validate our findings by integrating additional single-cell transcriptomic datasets 
from LCRC and RCRC.
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In conclusion, our findings provide important insights into the distinct molecular and 
cellular characteristics between LCRC and RCRC, highlighting potential therapeutic tar-
gets and strategies that may improve treatment outcomes, particularly in RCRC patients.
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