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ABSTRACT

Colorectal cancer (CRC) exhibits substantial molecular heterogeneity, yet detailed single-cell transcriptomic data from Japanese
patients remain limited. Here, we performed single-cell RNA sequencing (scRNA-seq) on tumor tissues and adjacent normal
tissues from four Japanese CRC patients to characterize malignant cell populations. We identified a common cancer-associated
cell cluster observed across all four cases, characterized by high expression of the long noncoding RNA KCNQ1 opposite strand/
antisense transcript 1 (KCNQ1OT1). Further analysis revealed a marked decrease in Ras Association Domain Family Member 6
(RASSF6) expression within this cluster, despite clinical datasets reporting that elevated RASSF6 expression correlates with poor
overall survival in Western cohorts. Reanalysis of publicly available bulk RNA-seq data from independent East Asian cohorts
confirmed that RASSF6 expression was consistently reduced in tumor tissues compared with adjacent normal colon tissues,
while KCNQIOTI expression showed no apparent differences across cohorts. Collectively, our single-cell analysis delineates a re-
current cancer-associated transcriptional state observed within this cohort and highlights distinct gene expression features that
may be underappreciated by bulk or population-averaged analyses, underscoring the value of single-cell profiling for refining

molecular interpretations of CRC.

1 | Introduction

Epidemiological studies indicate that colorectal cancer (CRC)
is the third most diagnosed cancer and the second leading
cause of cancer-related deaths worldwide, with an estimated
1.9 million new cases and 930,000 deaths in 2020 [1]. A

large-scale analysis of over 80,000 surgically treated CRC pa-
tients revealed that women have significantly better 5-year
cancer-specific survival than men, despite similar tumor
characteristics [2]. Recent efforts in Japanese populations,
including the JPHC cohorts, have shown that incorporating
GWAS-identified genetic markers into lifestyle-based risk

Abbreviations: CRC, colorectal cancer; OS, overall survival; PFS, progression-free survival; sScRNA-seq, single-cell RNA sequencing; UMAP, Uniform Manifold
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models enhances CRC risk prediction in Japanese men, un-
derscoring the importance of population-specific polygenic
risk score (PRS) modeling [3]. GWAS including Japanese co-
horts have identified novel susceptibility loci, such as chro-
mosome 10p14, highlighting unique genetic risk architectures
in East Asian CRC populations [4]. Although GWAS and PRS
studies have improved our understanding of genetic suscepti-
bility to CRC in Japanese populations, many aspects of tumor
biology such as transcriptomic differences between tumor and
normal tissues or the presence of recurrent cancer-associated
transcriptional states, remain unexplored. These features may
differ from those observed in Western cohorts.

CRC is a highly heterogeneous malignancy, with wide vari-
ation across molecular subtypes, tumor microenvironments,
and clinical outcomes. Recent advances in single cell RNA
sequencing (scRNA-seq) and spatial transcriptomics have en-
abled unprecedented resolution of this heterogeneity, uncover-
ing novel epithelial subtypes [5], cancer-associated fibroblast
states [6], and immune cell dynamics associated with metasta-
sis and therapy response [7, 8]. However, most of these studies
have been conducted in Western or Chinese cohorts [5-12], or
employed in vivo or organoid-based models [13, 14], limiting in-
sights into East Asian-and particularly Japanese-CRC biology.
Furthermore, large-scale multiomics and polygenic studies have
revealed differences in risk allele distribution and functional im-
pact between individuals of European and East Asian ancestry,
with susceptibility loci enriched in East Asian cohorts identified
in CRC [15, 16]. Ethnic-specific gene-environment interactions
have also been reported in other malignancies, such as lung can-
cer [17]. These findings emphasize the importance of population-
specific molecular profiling, including single-cell analyses, to
fully understand CRC pathogenesis and progression.

In this study, we present the first ScRNA-seq analysis of paired
tumor and adjacent normal tissues from four Japanese CRC

patients. We identified a recurrent cancer-associated transcrip-
tional state enriched across all cases and discovered several differ-
entially expressed genes that may contribute to CRC progression.

2 | Materials and Methods
2.1 | Patient Characteristics

Tumor and adjacent normal colon tissues were obtained from
four Japanese CRC patients who underwent surgical resection
at the National Cancer Center Hospital East between 2019 and
2020. All tumors were histologically diagnosed as moderately
differentiated tubular adenocarcinomas, with primary lesions
located in the sigmoid colon (n=2), rectum (n=2) (Table 1).
The cohort consisted of two female and two male patients, aged
43-63years. All tumors exhibited invasion beyond the muscu-
laris propria, with pathological T stages ranging from pT3 (sub-
serosal or adventitial invasion). Budding grades ranged from
BD1 to BD3. Lymphovascular invasion was present in three of
four cases, and venous invasion was observed in all cases (vla-
v3). Lymph node metastasis (NO, pN1a or pN1b) was identified
in all patients, and distant metastasis was observed in Patient #2
with liver metastasis (M1a). Serum levels of carcinoembryonic
antigen (CEA, ng/mL) and carbohydrate antigen 19-9 (CA19-9,
U/mL) were measured preoperatively (approximately 1month
before surgery), on the day of surgery, and longitudinally during
postoperative follow-up (up to 36 months). These markers were
used to assess recurrence or disease progression.

2.2 | Single Cell Analysis

Detailed protocol for preparation of single cells was based on our
previously published method for tissue dissociation in human
cancer samples [18]. Briefly, resected tissues were placed on ice

TABLE1 | Clinicopathological features of four Japanese patients with CRC.

#1 #2 #3 #4
Age 43 60 47 63
Sex Female Female Male Male
Tumor location Sigmoid Sigmoid Rectum Rectum
Pathological diagnosis Tubular Tubular Tubular Tubular adenocarcinoma

adenocarcinoma adenocarcinoma adenocarcinoma

Budding BD1 BD1 BD3 BD1
Lymph vascular invasion LyO Lyla Lyla Lyla
Vascular invasion Vla V3 Vla Vla
Pathological T T3 T3 T3 T3
Pathological N N1b Nla N1b NO
Pathological M MO Mla MO MO
Metastatic organ None Liver None None
Pathological Stage IITb IVa I1Ib ITa (UICC 8th)
Tumor diameter (mm) 10 25 86 40
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in cold PBS, finely minced, and centrifuged to remove the super-
natant. Fragments were incubated in RPMI with 10% FBS and
Liberase TH for 30min at room temperature. The suspension
was passed through a 70-um strainer, and residual aggregates
were gently ground using a syringe plunger. Cells were isolated
using a two-layer Percoll gradient (20%/60%) and centrifuged at
1000x g for 20 min. Then red blood cells were lysed, and viable
cells were counted. A total of 10,000 viable cells were then pre-
pared for downstream analysis. The scRNA-seq libraries were
constructed using the Chromium Single Cell 3’ Reagent Kits v3
(10x Genomics, Pleasanton, CA, USA) according to the manu-
facturer's instructions and as previously described in report [19].
Sequencing libraries were constructed and sequenced using the
Illumina NextSeq 550 (150-cycle High Output kit) and NovaSeq
6000 (S1 flow cell, 100cycles) platforms (Illumina, San Diego,
CA, USA), with a paired-end configuration of 28bp (Read 1),
8bp (i7 index), 8 bp (i5 index), and 90bp (Read 2).

2.3 | Data Analysis

Processing of raw sequencing data was performed using Cell
Ranger v4.0.0 (10x Genomics). FASTQ files were generated
using cellranger mkfastq and read alignment and gene count-
ing were performed using cellranger count with default pa-
rameters. Quality control was conducted using Cell Ranger's
standard cell-calling algorithm. No additional manual filter-
ing based on gene count, UMI count, or mitochondrial read
fraction was applied. Mitochondrial read-based filtering
was not implemented by default in the Cell Ranger pipeline
and was therefore not used in this study. All samples passed
standard Cell Ranger quality control criteria. For multisam-
ple integration, filtered feature-barcode matrices from eight
samples were aggregated using Cell Ranger Aggr with default
depth normalization to generate a combined dataset. Analysis
shown in Figures 1, 4, and 5 were performed using this
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FIGURE 1 | Single-cell landscape of four CRC patients. (A) UMAP showing 41 clusters. CTL, Cytotoxic T-cell; EC, Endothelial cell; Mac,
Macrophage; Mast, Mast cell; Mono, Monocyte; NKT, Natural killer T-cell; SMC, Smooth muscle cell. (B) Comparison of adjacent normal colon (ad.
normal) vs. tumor tissues per patient. Lower panels show cancer vs. adjacent normal colon across four patients. The numbers shown below each

UMAP plot indicate the number of cells included in the analysis. (C) Feature plots of enterocyte/goblet markers. Colors indicate log, expression (red:

High, blue: Low). (D) Bar plots of averaged log, expression in normal (blue) vs. cancer (red) for representative Goblet cells and Enterocytes. *p <0.05,

**p<0.01 (unpaired Student's t-test). (E) Feature plots showing expression of nonparenchymal cell marker genes.
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FIGURE 2 | Kaplan-Meier survival analysis of patient-specific cancer gene sets. Overall survival (A) and progression-free survival (PFS) (B)
showed poor prognosis only in Patient #4 (red: High expression, blue: Control). Example: 49 upregulated genes (e.g., IGHG4, REG1A, KCNQ10T1) in

Patient #4 were applied. p-values by log-rank test (**p <0.01).

aggregated dataset. In total, 59,529 cells were retained after
aggregation, with a median of 762 genes and 2867 UMIs per
cell, and 81.6% of reads mapping to cells. Aggregation using
Cell Ranger Aggr performs subsampling to equalize sequenc-
ing depth across samples and does not exclude additional
cells beyond those filtered during cell calling. Consequently,
samples with higher initial sequencing depth, such as Patient
#4, exhibited a lower fraction of reads retained after nor-
malization, reflecting depth normalization rather than re-
duced data quality. Comprehensive quality control metrics
for the aggregated scRNA-seq dataset, including read depth,
read retention, and normalization statistics, are provided in
Table S1. Because Patient #4 was selected for detailed down-
stream analyses (Figure 6), tumor and adjacent normal colon
tissues from this patient were additionally analyzed without
aggregation. This separate analysis preserves the original se-
quencing depth and quality metrics that may be attenuated
by depth normalization during aggregation. Quality control
metrics for the tumor and adjacent normal colon tissues from
Patient #4, including cell numbers, sequencing depth, gene
and UMI counts, and mapping statistics, are provided in
Tables S2 and S3. Most downstream analyses-including clus-
tering, UMAP visualization [20], and differential expression-
were conducted using Loupe Browser v8.1.2 (10x Genomics)
with default settings. For trajectory inference, we referenced
Monocle3 v1.3.1 following the standard workflow with default
parameters. Somatic variant analysis, including large gap read
mapping and validation of variants, was performed using CLC
Genomics Workbench (v25.0.3; QIAGEN, Aarhus, Denmark)
with default settings. Using Loupe Browser, sample-specific
gene expression profiles can be extracted for each Patient ID.
These profiles can be treated in a pseudo-bulk-like manner by
averaging expression values for the genes of interest within
each sample. The resulting values were then used to compare
expression levels between tumor- and normal-derived cells for
statistical analysis.

2.4 | Survival Analysis Using Public Databases

Gene sets specifically upregulated in each patient's tumor tissue
were identified based on UMAP analysis using Loupe Browser,
which utilizes Cell Ranger's statistical methods. For each clus-
ter, differentially expressed genes were obtained in Loupe
Browser by selecting “Run Differential Expression” — “To en-
tire dataset” or “Between selected cluster(s) themselves,” de-
pending on the experimental design. The resulting “Differential
Expression Output” feature table provided Benjamini-Hochberg
adjusted p-values, and genes with p <0.05 were defined as sig-
nificantly enriched. These significantly enriched gene sets
were then individually submitted to publicly available survival
analysis platforms. Overall survival (OS) and progression-free
survival (PFS) were analyzed using the TCGA PanCancer
Atlas, Colorectal Adenocarcinoma dataset (mRNA data, RNA
Seq v2 RSEM) via cBioPortal for Cancer Genomics v6.3.7

(https://www.cbioportal.org/). In addition, KM plotter v1.0
(http://kmplot.com/analysis/) was used to evaluate the repro-
ducibility of the survival associations. Patient or cluster-specific
gene sets were submitted individually, and KM curves were gen-
erated to assess the prognostic impact of altered (elevated) ver-
sus normal expression levels. Among the enriched genes, some
were absent or had insufficient sample numbers in publicly
available datasets. These genes were therefore excluded, and the
average OS and PFS curves for each cluster were obtained. For
individual gene-level survival analyses, the top five genes from
each dataset were selected and their OS and PFS outcomes were
presented.

2.5 | Statistical Analysis

All statistical analyses were performed using R (v4.2.0). For
comparison between two groups (e.g., normal colon vs. CRC),
the unpaired Student's t-test was used. For comparisons involv-
ing three groups (e.g., Figure 7), Welch's one-way ANOVA was
applied to account for unequal variances, followed by post hoc
pairwise t-tests without assuming equal variance. p-values less
than 0.05 were considered statistically significant, and multiple
comparisons were adjusted using Bonferroni correction.

3 | Results

3.1 | Identification of Common Cancer Cell States
in Colorectal Cancer Tissue

We obtained 59,529 high-quality cells from four colorectal tumor
samples (including both adjacent normal and cancer sites) by
scRNA-seq. Cells passing quality control ranged from 5917 to
12,168 per sample. UM AP analysis grouped merged cells into 41
clusters (Figure 1A), with adjacent normal sites showing similar
clusters across patients and cancer sites displaying heterogene-
ity (Figure 1B). Cluster identities were assigned using heat maps
(Figures S1, S2 and Table S4) and referenced to published CRC
scRNA-seq datasets [7, 10-12, 21]. Enterocyte and goblet cell
populations were reduced in cancer sites, while Tregs, mono-
cytes, and stem-like cells were increased (Figures 1C-E and S3).

To investigate whether cancer-specific cellular and molecular
features identified by scRNA-seq were associated with clinical
outcomes, we performed survival analyses using each sample-
specific gene set. Only the cancer tissue-derived gene set from
Patient #4 was associated with shorter PFS, whereas no signifi-
cant association with OS was observed (Figure 2). Among gene
sets derived from normal tissues, only the Patient #1-specific
set showed a negative correlation with PFS, suggesting a po-
tential protective signature (Figure S4). Postoperative serum
markers were also assessed: CEA levels generally decreased
across patients, whereas CA19-9 levels exhibited variable pat-
terns (Figure 3). In Patient #4, cancer tissue showed persistent
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FIGURE 3 | Changes of CEA and CA19-9 levels before and after surgery in each patient. The transition of CEA levels (ng/mL) in blood (A) or
CA19-9 (U/mL) in blood (B) were shown approximately 1 month preoperatively, on the day of surgery, and from one to a maximum of 36 months
postoperatively. The dotted lines in the graph indicated approximate curves, and each black dot represented a respective measurement value.

postoperative CA19-9 elevation, qualitatively reflecting the
trend observed for its cancer site-derived gene set and shorter
PFS, although this observation should be interpreted with
caution.

To further dissect cancer-specific cell states, cells derived from
the four tumor sites were reclustered to emphasize cancer-
specific clusters. Tumor-derived cells were reclustered to iden-
tify six cancer-associated cell states, further refined into eight
clusters, including small B-cell-like populations likely reflecting
contamination (Figure 4A-E and Figures S5, S6). Patient con-
tributions per cluster were assessed (Figure 4C). Through this
stepwise clustering approach, we identified a common cancer
cell cluster observed across all four cases, representing a recur-
rent cancer-associated transcriptional state in tumor tissues.
To investigate the origin of the B cell-like populations, we per-
formed pseudo-time trajectory analysis, which suggested that
these cells did not arise from cancer cells (Figure S7), indicat-
ing that they likely represent nonmalignant contaminating
cells rather than a differentiation trajectory. Nevertheless, these
cells were retained in the subsequent reanalysis of the common
cancer-associated cluster, which included contributions from all
four patients. This reanalysis subdivided a common cancer cell
cluster into five populations: FABP1Me" cancer cells, goblet cells,
KCNQI opposite strand/antisense transcript 1 (KCNQIOTI)"ieh
cancer cells, necrotic cells, and B-cell-like cells (Figure 5A,B).
KCNQIOT1 expression was strong in all patients except Patient
#3 and particularly high in Patient #4 (Figure S8). Among top-
expressed genes, only KCNQIOTI correlated with shorter PFS
(Figure 5C,D). In contrast, for the ANKRD28 highly expressed
B-cell-like population, neither the top five genes nor individual
gene expression showed any association with PFS (Figure 5E),
indicating that this population likely represented nonmalignant
contaminating B cells rather than cancer-associated cells. These
results demonstrate that sScRNA-seq can identify a common can-
cer cell cluster across patients and highlight the KCNQ10OT1"¢h
cancer population as a potential contributor to shorter PFS in
this cohort.

3.2 | Detailed Single-Cell Profiling of Patient #4
Uncovers Cancer-Associated Transcriptional States
Associated With Shorter PFS

Detailed analysis focused on Patient #4, whose cancer tissue-
derived cells predominantly constituted the KCNQIOT1"igh
cancer-associated transcriptional state associated with shorter
PFS. Because aggregation using Cell Ranger Aggr involves
depth normalization that may attenuate sample-specific se-
quencing characteristics, Patient #4 was additionally analyzed
as an independent dataset. This approach allowed more detailed
examination of cancer- and adjacent normal-derived cell states
while preserving the original sequencing depth and quality
metrics (Tables S2, S3). A total of 18,085 cells (12,168 normal,
5917 tumor) were analyzed, with adjacent normal tissue-derived

cells aiding accurate identification of tumor-specific cell states.
The cells were classified into 26 populations (Figures 6A,B and
S9). Notably, a cancer-associated cell cluster transcriptionally
similar to tumor cells, designated as “Cancer cell-2,” was iden-
tified even within adjacent normal tissue (within the dotted
square labeled “Reclustering” in Figure 6B). These cells exhib-
ited transcriptional features resembling tumor-derived cells;
however, this observation does not imply definitive malignancy
and may reflect early tumor-associated transcriptional alter-
ations or microenvironmental influences. Reclustering of this
cancer-associated cell cluster yielded five subsets (Figures 6C
and S10). The SAA1M8 cells and B cell-like cells were enriched
in adjacent normal tissue, whereas KRTI17Mgh, UBE2C Migh, and
PLCG2Meh cell clusters were predominantly detected in tumor
tissue (Figure 6D). These results suggest that adjacent normal
areas also harbored cells exhibiting tumor-associated transcrip-
tional features. KCNQIOT1 expression was specific to cancer
site and nearly absent in adjacent normal regions (Figure 6E-G),
confirming that this gene was preferentially expressed in CRC.

To gain further insight into the molecular heterogeneity of this
cancer-associated transcriptional staten, we performed reclus-
tering of the KCNQIOTIMe" cluster as shown in Figure 6G.
Six clusters were identified (Figure 6H and Figures S11, S12).
Among these, HOXD9M8" and PROM1Me" clusters correlated
with prolonged OS (Figures 6I and S13). The HOXD9g" cells
further showed elevated forkhead box Q1 (FOXQI), hes family
bHLH transcription factor 1 (HESI), Ras Association Domain
Family Member 6 (RASSF6), and KCNQIOTI expression, all
associated with prolonged OS in CRC (Figure 6J). By contrast,
PROM1Migh cells expressed cancer-associated genes such as
TMA4SF20 and TIMPI1, but their expression levels were not mark-
edly elevated and no significant correlation for OS (Figures 6J
and S14). We next examined whether the representative genes
of the HOXD9Me" cluster identified as potentially associated
with prolonged OS in Patient #4, were also detectable within
the merged dataset comprising cancer cell clusters from all
four patients. As shown in Figure S15, feature plot analysis
demonstrated partial expression of these genes across the data-
set; however, their widespread distribution among diverse cell
types did not show clear enrichment within any specific cluster.
The KCNQIOT1Mgh population was linked to unfavorable clin-
ical features and prognosis, demonstrating that single-patient
scRNA-seq can reveal CRC-related genes missed in multipatient
analyses. Clinical data (Table 1) showed some discrepancies,
highlighting scRNA-seq's ability to detect molecular features
not evident from clinical observation. In addition, variant anal-
ysis of all candidate genes in Patient #4 tissue further revealed
that only RASSF6 harbored somatic mutations, which were
uniquely presented in tumor tissue. Multiple heterozygous SN'Vs
clustered in exon 1 (chr4:71755224-71778259), suggesting a po-
tential role for RASSF6 mutations in CRC progression, although
functional validation will be required (Figure S16). A schematic
overview summarizing the multistep reclustering strategy and
dataset transitions was provided in Figure S17.
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FIGURE 4 | Reclustering of tumor-derived cells from four CRC cases. (A) Tumor tissues from four cases were reanalyzed. The upper-left panel
shows tumor-derived regions extracted from the eight samples (including normal tissues in Figure 1). The lower-left panel shows UMAPs colored
by patient after reanalysis. The right panel shows the 32 identified cell clusters (Distal = distal enterocyte, Plasma = plasma cell). (B) After reanalysis
of the four tumor tissues, only cancer cell clusters were further reclustered. The lower-left shows UMAPs colored by sample, and the right shows
the eight resulting clusters. The dotted outline marks a common cancer-associated cluster defined by shared distribution pattern. (C) Proportion of
cancer clusters within total cells. Colors indicate Patient #1 (red), #2 (yellow-ocher), #3 (green), and #4 (sky blue). Values sum to 100% per patient to
account for differences in total cell number. Patient #4 showed the highest proportion in its patient-specific cluster, followed by the common cancer-
associated cluster. (D) Spatial location of the common cancer-associated cluster in the reclustered tumor datasets (highlighted in green). (E) Location
of the common cancer-associated cluster mapped back to the original dataset of four adjacent normal (ad. normal) and tumor tissues (green). The
inset (upper left) shows an enlarged view of the B-cell-like clusters. Colors reflect annotated clusters.
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FIGURE 5 | Reclustering of a common cancer-associated cluster identifies a cell state associated with clinical outcome in CRC. (A) The common
cancer-associated cluster was divided into five cell populations. (B) Heatmap of representative genes in each cluster. The name of cluster was decided
by the gene expression profile. Left color bar shows the higher to lower expression levels in each gene. (C) PFS in clinical study using five marker
genes of KCNQIOT] cluster was analyzed by using Human Protein Atlas database. The averaged PFS of five genes did not have any significance. Only
higher KCNQIOT1I expressed CRC patients (yellow line) tended to be poor prognosis of CRC. (D) The violin plot of KCNQIOTI genes in the five cell
clusters. The Y-axis indicates the log, scale of intensity for gene expression (E) PFS using five marker genes of higher ANKRD28 expressed B-cell-like
cluster. No significant differences in PFS were observed compared with the reference CRC group. (F) The violin plot of ANKRD28 expression in five

cell clusters.

3.3 | Validation of Candidate Biomarker Genes by aggregating cells from four patients. For each patient, tumor
Using External Bulk RNA-Seq Datasets and adjacent normal tissue-derived cells were averaged to gen-

erate eight pseudo-bulk samples. Expression levels of selected
To validate the expression of candidate genes identified in our genes were compared between tumor and adjacent normal tis-
scRNA-seq analysis, we first performed a pseudo-bulk analysis ~ sue pseudo-bulk samples (Figure 7A,B). Among these, RASSF6
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expression was significantly lower in cancer tissue, whereas
HES] expression was higher. RASSF6 expression was consis-
tently lower in tumor tissues across patients (Figure 7B), con-
trasting previous reports linking higher expression with poor
clinical outcomes. To confirm the reproducibility of these

Patient#4

W NKT

W Bcel1

W Bcell-2

W Plasma cell

W Erythrocyte

1 Fibroblast

1 Enterocyte-1
¥ Enterocyte-2

19 Goblet cell-1
8 Macrophage-1
8 Cancer cell-1
W Undifferentiated cell

I cancer cell-2
1 Goblet cell-2

Patient#4

Re-clustering .

] phage
W Teell
W Bcel-3
W Taell-2
WBcel-4
W8 cell5

W Bcel-6

1 Macrophage-3

W Goblet cell-3

1l Goblet cell-4

W Goblet cell-5
1 Endothelial cell

C

W Ad.normal
i Cancer

Re-clustering

findings, we examined publicly available bulk RNA-seq data-
sets based on availability of raw FASTQ data, CRC samples, and
Asian patient cohorts. Analyzed datasets included GSE142279
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FIGURE 6 | Single-cell landscape of CRC Patient #4. (A) A total of 26 clusters were identified. Cluster names are shown in the inset on the right.
(B) Cell-type annotation in normal vs. tumor colon tissues for panel A. The area outlined by a dotted square indicates the cancer cell population. Ad.
normal, Adjacent normal colon tissue. (C) Reclustering of the cancer-associated cell cluster identified in A, yielding five subpopulations. (D) Cell-
type annotation of the five subpopulations in adjacent normal vs. tumor tissues. (E) Feature plot of KCNQIOT1 expression in patient #4. Colors

represent log, expression (inset, right). The dotted square indicates the cancer cell population, with reclustering shown in the inset. (F) Violin plot

of KCNQIOT1 expression across the five reclustered subpopulations. Y-axis shows log, values. (G) Distribution of KCNQIOT1I expression within the
cancer-associated cluster (corresponding to the dotted region in E). (H) Reclustering of KCNQIOT1"¢" cells (KRT17+, UBE2C*, PLCG2*), producing
six subpopulations. (I) Overall survival analysis in a clinical cohort using the top five marker genes in the HOXD9/PROM1 cluster. The average OS of

these five genes showed significance compared to control. (J) Progression-free survival using representative markers of the HOXD9"€" or PROM"igh

clusters. PFS differed significantly compared with the reference CRC group (*p <0.05, **p <0.01 vs Control).

adjacent normal colon tissue, primary CRC, and liver metas-
tases [24]). Raw counts were normalized to TPM values, and
expression levels of candidate genes were compared between
tumor and adjacent normal tissues. Stage-specific expression
analysis was performed using the independent Korean CRC co-
hort (KAP2306082). The expression of KCNQIOT1, FOXQ1, and
HES] was consistently upregulated in tumor tissues across data-
sets, supporting their relevance in CRC. In contrast, RASSF6
showed a consistent trend of downregulation in tumor samples.
Notably, in the metastatic setting (Figure 7E), only HOXD9 and
RASSF6 were significantly downregulated in liver metasta-
ses compared to primary tumors and adjacent normal tissues.
Finally, stage-specific expression analysis using an independent
Korean CRC cohort (KAP2306082) [8] showed no significant
differences in the expression of the selected genes across dis-
ease stages. While FOXQI expression was significantly higher
in Stage III compared to Stage II, no difference was observed
between Stage III and Stage IV. These results suggest that, in
the analyzed cohorts, the expression of these genes is not clearly
associated with CRC stage progression (Figure 7F).

4 | Discussion

The scRNA-seq of four CRC and adjacent normal tissues from
Japanese patients revealed a recurrent cancer-associated tran-
scriptional state observed across all cases. Focused analysis
identified five representative genes: KCNQIOTI1, FOXQ1, HESI,
HOXDY9, and RASSF6, enriched in specific cancer-associated
cell states and associated with clinical outcome-associated fea-
tures in our dataset and publicly available bulk RNA-seq data.
Interestingly, while Western cohorts reported that high RASSF6
expression correlates with poorer OS, RASSF6 was suppressed
in the analyzed East Asian cohorts.

The long noncoding RNA KCNQIOT1I interacts with microR-
NAs and chromatin-modifying complexes to regulate gene ex-
pression in CRC tissues [25-28]. It is consistently upregulated in
CRC and linked to tumor size and clinical stage [25, 26], and pro-
motes proliferation and metastasis via the PI3K/AKT pathway,
while knockdown induces apoptosis and cell cycle arrest [26, 27].
In our dataset, KCNQIOTI was highly expressed in Patient #4's
tumor, who had the poorest predicted OS (Figure 6E), consis-
tent with previous reports from East Asian cohorts [26, 28].
However, KCNQIOTI was also detected in nonmalignant cells
such as plasma cells, goblet cells, and enterocytes, raising ques-
tions about biomarker specificity. Public datasets showed no sig-
nificant increase in liver metastases (Figure 7E), suggesting a

limited role in metastasis. These results indicate that, although
KCNQI1O0T1 plays a role in CRC biology, its clinical utility as
a diagnostic or therapeutic target may be constrained by non-
specific expression. In addition, aggregation-based analyses
enabled the identification of recurrent cancer-associated tran-
scriptional states across patients in this study. At the same time,
sample-level reanalysis, as performed for Patient #4, allowed
more detailed characterization of these states by preserving
sequencing depth and quality features that may be normalized
during aggregation.

FOXQL1 is a protumorigenic transcription factor in CRC, pro-
moting growth, angiogenesis, and apoptosis resistance via p21
regulation [29]. Pan-cancer analyses further link FOXQ1 with
increased mutational burden, microsatellite instability, immune
infiltration, and metastasis [30, 31]. In our dataset, FOXQI
was enriched in a cancer-associated transcriptional state and
showed higher expression in tumor sites (p=0.06; Figure 7A).
Public RNA-seq data confirmed up to 150-fold increases in tu-
mors and higher expression in liver metastases (p=0.12). These
findings align with prior reports linking FOXQ1 to epithelial-
to-mesenchymal transition and metastatic competence in CRC,
supporting its potential as a biomarker across the analyzed
cohorts. Importantly, there was no strong evidence of cohort-
dependent differences (i.e., no divergence between Asian and
non-Asian cohorts), suggesting FOXQ1 may serve as a broadly
applicable CRC biomarker.

HES]I, a Notch downstream effector, promotes CRC invasion via
STAT3-MMP14 and its high expression correlates with metasta-
sis and poor survival [32], while knockdown induces senescence
and reduces invasiveness. HESI1 also interacts with IncRNAs
such as GNAS-ASI to sustain stemness [33], and our previous
organoid study showed HESI1 as a key regulator of early cluster
growth [14]. However, in the present cohort (Figure 7E), HESI
expression did not differ between adjacent normal, primary, and
metastatic sites, suggesting context-dependent roles and that
HESI elevation may not universally correlate with metastasis in
the analyzed cohorts.

RASSF6 has been identified as a tumor suppressor gene in sev-
eral cancers, including CRC [34, 35]. However, analysis of TCGA
CRC cohorts revealed that higher RASSF6 expression correlates
with poorer OS, representing a seemingly contradictory finding.
In our case, RASSF6 expression was consistently downregulated
in cancer cell clusters compared to adjacent normal tissues. This
trend was further validated by bulk RNA-seq data from inde-
pendent cohorts, showing significant downregulation in both
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FIGURE 7 | Validation of selected genes using scRNA-seq and publicly available bulk RNA-seq datasets in CRC. (A) Pseudo-bulk analysis of
scRNA-seq data from four colorectal cancer patients (same dataset used in scRNA-seq). The average expression levels (mean + SE) of selected genes
are shown for tumor (red) and adjacent normal tissue (blue). Gene expression values were log,-transformed. Statistical significance was assessed
using a two-tailed Student's t-test (*p <0.05, **p <0.01). (B) Distribution plots of representative five genes in paired normal (open) and tumor (filled)
regions across the four patients. Each patient is color-coded (black, green, blue, and red). (C) Bulk RNA-seq analysis of 10 colorectal cancer patients
(normal and tumor tissues) retrieved from GSE142279. The expression levels (mean + SE) of the five selected genes are shown. *p <0.05, **p <0.01 by
Student's t-test. (D) Bulk RNA-seq data of 72 patients (normal and tumor samples, total n =144) from GSE156451. Expression levels of the same five
genes are shown. Statistical significance is indicated as p <0.01. (E) Bulk RNA-seq analysis of 54 samples (normal, primary tumor, and liver metas-
tasis) from 18 patients in GSE158559. Blue: Normal; Red: Primary tumor; Green: Liver metastasis. Statistical analysis was performed using Welch's
t-test. **p <0.01 vs. normal, #p <0.05 vs. cancer. (F) Stage-specific analysis of five genes using RNA-seq data from Korean colorectal cancer cohort
(KAP2306082). Samples were categorized by cancer stage (II, III, IV) and plotted as mean +SE. Welch's t-test was used for statistical comparison.
#p <0.05 vs. Stage III.
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FIGURE 8 | Schematic overview of key cohort-associated findings revealed by single-cell analysis of CRC. This schematic summarizes the main
findings of the study, including the identification of a recurrent cancer-associated transcriptional state and consistent downregulation of RASSF6
within cancer cell state. The figure highlights the contribution of single-cell transcriptomic analysis in resolving cell state-specific molecular alter-

ations that may be obscured in bulk tissue analyses. This schematic also serves as the Graphical Abstract.

primary tumors and metastatic lesions (Figure 7E). Previous
studies support the tumor-suppressive role of RASSF6. Chen
et al. reported somatic loss-of-function mutations in RASSF6 in
sporadic CRC patients and demonstrated that RASSF6 overex-
pression inhibited CRC cell proliferation, migration, and inva-
sion, whereas its knockdown promoted malignant phenotypes
[34]. Zhou et al. [35] elucidated that RASSF6 suppresses CRC
progression by inhibiting the Wnt/B-catenin signaling pathway
and EMT, with overexpression leading to increased E-cadherin
and decreased mesenchymal markers such as Snail and matrix
metalloproteinases, thus reducing metastatic potential. Our
mutation analysis of matched tumor and adjacent normal tis-
sue SCRNA-seq data revealed a tumor-specific SNVs in exon 1 of
RASSF6 (Figure S15), suggesting that its downregulation may be
driven not only by transcriptional repression but also by genetic
inactivation. Since exon 1 encodes part of the Ras-association
domain, such mutations likely result in loss of RASSF6 function.
Interestingly, while TCGA data (predominantly Western popu-
lations) suggest that high RASSF6 expression correlates with
poor prognosis, the present cohort shows the opposite trend.
This discrepancy may reflect population-specific differences in
genetic or epigenetic regulation, or environmental influences.
An important consideration in interpreting these findings is
the difference in cellular resolution between bulk and single-
cell transcriptomic analyses. Publicly available datasets such as
TCGA and other bulk RNA-seq studies are derived from tumor
tissues, which comprise a mixture of malignant epithelial cells

and diverse nonmalignant components, including immune and
stromal cells. As a result, gene expression signals specific to can-
cer cells may be masked or diluted in bulk analyses. In contrast,
our single-cell approach enabled the isolation of cancer cell-
enriched clusters, allowing direct comparison of RASSF6 expres-
sion between malignant epithelial cells and normal epithelial
counterparts. This analysis revealed consistent downregulation
of RASSF6 specifically within cancer cell states, a feature that
may not have been readily apparent in bulk tumor-level analyses.
Notably, reanalysis of independent bulk RNA-seq datasets from
East Asian cohorts, although also derived from tumor tissues,
showed concordant downregulation of RASSF6, supporting the
robustness of this observation. These findings suggest that the
apparent discrepancy between prior TCGA-based survival asso-
ciations and the tumor-suppressive role of RASSF6 may, at least
in part, reflect differences in cellular composition and analytical
resolution rather than true biological contradiction. Our results
highlight how single-cell transcriptomic profiling can uncover
clinically relevant cancer cell-intrinsic alterations that have
remained underappreciated in existing bulk transcriptomic
resources. To summarize these findings and highlight the key
cohort-associated transcriptional features of CRC revealed by
our study, we present a schematic overview in Figure 8, which
also serves as the Graphical Abstract.

In summary, our findings demonstrate consistent downreg-
ulation of RASSF6 in the present cohort, accompanied by

Cancer Science, 2026

1409



mutational evidence, and underscore the importance of single-
cell transcriptomics in revealing cell state-specific molecu-
lar alterations. RASSF6 may represent a promising biomarker
candidate, warranting further validation across independent
cohorts.
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