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Abstract

Background Colorectal cancer (CRC) is one of the most common malignant tumors in the digestive system worldwide,
with its mortality ranking second among all cancers. Studies have indicated that disruptions in circadian rhythm (CR)
are associated with the occurrence of various cancers; however, the relationship between CR and CRC requires further
evidence, and research on the application of CR in CRC s still limited.

Methods In this study, we employed both bulk and single-cell RNA sequencing to explore the dysregulation of CR in
patients with CRC. By constructing a CR subtype classifier, we conducted an in-depth analysis of the prognostic signifi-
cance, the status of the tumor microenvironment, and response to immune checkpoint blockade (ICB) therapy between
different CR clusters. Furthermore, we developed a CR scoring system (CRS) using machine learning to predict overall
survival and identified several genes as potential targets affecting CRC prognosis.

Results Our findings revealed significant alterations in CR genes and status between CRC and normal tissues using bulk
and single-cell transcriptome sequencing. Patients with CRC could be categorized into two distinct CR clusters (CR cluster
1 and 2). The prognosis of CR cluster 2, with higher epithelial-mesenchymal transition (EMT) and angiogenesis scores,
was significantly worser than that of CR cluster 1. These clusters exhibited distinct levels of tumor-infiltrating lympho-
cytes. CR cluster 2 with a notably higher proportion of patients with microsatellite-instability-high (MSI-H), potentially
benefit from ICB therapy. The proportion of patients belonging to consensus molecular subtype 4 (CMS4) in CR cluster
2 was also notably higher than in CR cluster 1. Additionally, the CRS combined with tumor stage demonstrated superior
overall survival prediction efficacy compared to traditional tumor stage. We revealed a potential link between model
genes (LSAMP, MS4A2, NAV3, RAB3B, SIX4) and the disruption of CR and patient prognosis.

Conclusion This study not only provide new insights into the assessment of CR status in CRC patients but also develop
a prognosis model based on CR-related genes, offering a new tool for personalized risk assessment in CRC.
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Abbreviations
CRC Colorectal cancer
CR Circadian rhythm
ICB Immune checkpoint blockade
EMT Epithelial-mesenchymal transition
MSI-H Microsatellite instability-high
TILs Tumor-infiltrating lymphocytes
CcMS Consensus molecular subtypes

DEGs Differentially expressed genes

TCGA The Cancer Genome Atlas

(0N Overall survival

GO Gene Ontology

WGCNA Weighted Gene Co-Expression Network Analysis
LASSO  Least absolute shrinkage and selection operator

ROC Receiver operating characteristic curve
IFN-y Interferon gamma

COX-IS  COX-2-associated inflammatory signature
TIS T cell inflamed score

PCA Principal component analysis

CRRG CR clusters-related genes
CRD Circadian rhythm disruption

1 Introduction

Colorectal cancer (CRC) is one of the most common malignant tumor of the digestive system and ranks second in cancer-
related mortality [1, 2]. Current therapeutic approaches for CRC include surgical resection [3], chemotherapy [4], radio-
therapy [5], targeted therapy [6], and immunotherapy [7]. Despite the dramatic therapeutic power of these strategies,
some advanced patients remain unresponsive to these treatments. Therefore, there is an urgent need to identify new
mechanisms and therapeutic targets that influence the occurrence and progression of CRC.

Circadian rhythm (CR) is an internal timekeeping system that synchronizes with the 24-h cycle of day and night [8]. The
molecular basis of CR arises from the coordinated expression of clock genes. The core clock genes identified in mammals
include Clock, Bmal1, Per1, Per2, Per3, Cry1, Cry2, etc. [9], which further regulate clock-controlled genes and participate in
various physiological processes such as metabolism, sleep, immunity, neural activity, and endocrine functions.

Increasing evidence suggests that circadian rhythm disruption (CRD) is closely associated with a higher incidence of
tumors and can promote cancer progression [10, 11]. CRD can significantly affect the transition of the cell cycle from
GO0-G1 to G1-S phase, regulate tumor cells proliferation [12, 13], enhance the stemness characteristics of tumor cells [14].
CRD can also promote tumor metastasis [15]. Recent studies have shown that, at the initial stage of tumor metastasis,
clock genes (such as BMAL1, PER2, and CLOCK) can inhibit epithelial-mesenchymal transition (EMT) by regulating TGF-.
Meanwhile, in the pre-metastatic environment, BMALT can promote the transcription of RAB27A to drive CRC metastasis
[13]. CRD also affect tumor metabolism. Studies have shown that sleep deficiency disrupts the rhythm of ACSL1, activates
fatty acid oxidation through the conversion of palmitoyl to palmitoyl-coenzyme A, and promotes lung tumor growth [14].

The impact of CR on the tumor microenvironment (TME) is also important. Chronic CRD activates tumor fibroblasts,
thereby increasing the proportion of tumor stem cells in tumors and promoting the dissemination of tumors from the
primary site [13]. In Bmal1-/- mice, downregulation of plasminogen activator inhibitor-1 leads to an increase in plasmi-
nogen activators in the TME and the activation of plasmin, inducing the transformation of cancer-associated fibroblasts
(CAFs) into myofibroblasts (myoCAFs) [16], which promotes tumor growth and metastasis. Additionally, the number of
tumour-infiltrating lymphocytes (TILs) in mouse models shows circadian rhythmic changes, with the highest number at
night. The expression of genes related to T cell activation, inhibition, migration, and effector functions in effector CD8 +T
cells also show circadian rhythmic changes, and treatment with anti-PD-1 antibody at night significantly inhibits tumor
growth [17]. CRD induces the accumulation of myeloid-derived suppressor cells (MDSCs) and dysfunctional CD8 +T
cells in the lungs, accelerating the metastasis of CRC to the lungs [15]. Given the association between CR and cancer,
CRC patients can benefit greatly from specific therapy based on CR (for example, cancer chronotherapy), which may
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optimize traditional cancer therapies and even enhance new anti-cancer drugs [9]. Therefore, a systematic analysis of
the CR status of CRC patients is significant for risk assessment and lifestyle interventions at every stage from prevention
to survival in cancer treatment.

In this study, we integrated bulk and single-cell RNA sequencing to discover significant CRD during the development
of CRC. Subsequently, we constructed a CR cluster classifier and found that different CR clusters have distinct prognoses
and TME. These clusters are closely related to ICB treatment response indicators, including microsatellite-instability (MSI)
status, T cell inflamed score (TIS), and COX-2-associated inflammatory signature (COX-IS). In addition, we constructed
a CR scoring system (CRS) to predict the overall survival (OS) of CRC patients. The combination of CRS and tumor stage
outperformed traditional tumor staging in terms of OS prediction efficacy. In summary, our research results provide new
insights into the judgment of CR status in CRC patients and further provide potential intervention targets for CR-based
treatment methods.

2 Materials and methods
2.1 Data source and processing

The transcriptomic and clinical data for colon adenocarcinoma cohort of The Cancer Genome Atlas (TCGA COAD cohort)
were downloaded from the UCSC website. We converted the raw Counts data to log2(TPM + 1) for subsequent analyses
[18]. The microarray datasets GSE21510 and GSE17536 were downloaded from the Gene Expression Omnibus database.
Probes mapping to multiple genes were excluded, and when multiple probes corresponded to a single gene, their mean
expression value was calculated and log2-transformed. GSE188688, containing RNA sequencing data from the kidneys
of wild-type and Bmal1 knockout mice, was also downloaded and processed as above description. We used the con-
vert_mouse_to_human_symbols function from the nichenetr R package to convert mouse gene symbols to their human
counterparts [19]. The detailed information of the datasets used in this study was provided in Supplementary Fig. 1.

2.2 Differential expression genes analysis

Differentially expressed genes (DEGs) between two groups were identified using the Limma R package. For sequencing
data, we utilized the raw Counts values, whereas normalized expression values were used for microarray data. DEGs were
visualized using the ggplot2 R package. DEGs with |log2(fold change)|> 1.0 and p < 0.05 were selected for further analysis.

2.3 Calculation of CRD score

To assess the degree of CRD in each sample, the CRD score was calculated based on CR associated genes using the
CRDscore R package [20]. The bulk sequencing and microarray data were processed according to the package manual.

2.4 Assessment of CR status in single-cell transcriptomics

Single-cell transcriptomic datasets were obtained from Supplementary Data 3 of a previously published study [21].
Dimensionality reduction and clustering were performed using Seurat V4.0 [22]. To retain high-quality cells, we filtered
out cells with fewer than 200 detected genes or with mitochondrial gene content exceeding 20%. Subsequently, genes
expressed in fewer than 3 cells were removed to ensure robust downstream analysis. Dimensionality reduction was per-
formed using 20 principal components (PCs) based on principal component analysis (PCA), which effectively reduced the
data dimensionality while preserving biologically relevant information. Batch effects were mitigated using the Harmony
algorithm to integrate datasets across different conditions [23]. For cell clustering, the Louvain algorithm was employed
due to its superior performance in handling large-scale datasets. A resolution parameter of 0.8 was selected for cluster-
ing, which was determined through iterative optimization to achieve an optimal balance between cluster granularity
and biological accuracy. Cell subpopulations were annotated based on marker genes provided by the original authors,
resulting in the classification of cells into T, B, stromal, epithelial, and myeloid cells. We retrieved CR-related gene sets
by searching the MSigDB database (2023.2.Hs) with the keyword "circadian rhythm," ultimately identifying the GOBP-
CIRCADIAN-RHYTHM gene set (Supplementary Data 1) [24]. Based on this gene set, we utilized the irGSEA R package to
score and visualize the CR gene sets within the single-cell transcriptomic data [25].
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2.5 Unsupervised clustering

Unsupervised clustering was performed using ConsensusClusterPlus, a tool widely used in bioinformatics and bio-
medical research [26]. We conducted unsupervised clustering on bulk transcriptome expression matrices using a
manually curated set of 48 CR genes (Supplementary Data 2) [27]. The clustering algorithm was configured with the
following parameters: 80% item resampling (p/tem), 100% gene resampling (pFeature), 1000 iterations (reps), and
K-means clustering with Euclidean distance (clusterAlg).

2.6 Functional enrichment analysis

Gene Ontology (GO) analysis of differentially expressed genes (DEGs) was conducted using the clusterProfiler R
package [28]. Adjusted P-value less than 0.05 was considered statistically significant. The results of the enrichment
analysis were visualized using the ggplot2 R package.

2.7 Kaplan-Meier analysis

Patients’ survival times were converted to months, and samples with survival times less than one month were
excluded. The survminer R package was used to visualize survival status across different groups and generate
Kaplan-Meier (KM) plots. For continuous gene expression values, the optimal cutoff was determined using the sur-
vminer package, after which patients were divided into high and low expression groups. The log-rank test was used
to assess the statistical significance of survival differences.

2.8 Weighted gene co-expression network analysis

Weighted gene co-expression network analysis (WGCNA) was utilized to identify gene modules most associated with
CR clusters [29]. The WGCNA R package was used with default parameters. Specifically, in the TCGA COAD cohort, CR
cluster 1 and cluster 2 were used as input traits, with the top 50% of genes by variance used as input genes. Pearson
correlation was used to analyze the relationships between module genes and traits.

2.9 Assessment of consensus molecular subtype (CMS) classification

The CMS of CRC include CMS1 (MSI Immune), CMS2 (Canonical), CMS3 (Metabolic), and CMS4 (Mesenchymal) [30].
CMS1 is characterized by microsatellite-instability-high (MSI-H) and high immune cell activation, making patients
more responsive to immunotherapy. CMS2 typically features Wnt and Myc pathway activation, lower immunogenicity,
and better overall prognosis. CMS3 is marked by significant metabolic abnormalities, including glucose, lipid, and
nucleotide metabolism, and lower tumor immunogenicity. CMS4 is associated with TGF- activation, stromal inva-
sion, and angiogenesis, correlating with poorer OS and relapse-free survival (RFS). In this study, CMS classification
for the TCGA COAD and GSE17536 cohorts was determined using the CMScaller R package based on transcriptomic
data (Supplementary Data 3) [31].

2.10 Estimation of tumor-infiltrating lymphocytes

The R package immunedeconv was used to estimate the content of tumor-infiltrating lymphocytes (TILs) [32], which
includes six immune estimation algorithms, such as ABIS, CIBERSORT, CIBERSORT-ABS, EPIC, ESTIMATE, and xCell.

2.11 Collection of ICB therapy-related biomarkers

The T cell inflamed score (TIS), which positively correlates with ICB therapy response, was calculated based on 18
IFN-y-responsive genes and their corresponding weights (Supplementary Data 4) [33]. The COX-2-associated inflam-
matory signature (COX-IS), which negatively correlates with ICB therapy response, was derived from previous studies
using pro-tumor and anti-tumor inflammatory factors (Supplementary Data 4) [34]. The MSI status of TCGA COAD
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patients was obtained from supplementary data of previous research, identifying 72 patients as MSI-H and 355 as
MSI-L/MSS (Supplementary Data 4) [35].

2.12 Construction and validation of CRS

The TCGA COAD cohort served as the training set, with the GSE17536 cohort used for validation. Candidate genes identi-
fied through WGCNA and DEGs analysis were subjected to univariate Cox regression analysis. Genes with a p-value <0.2
were included in the least absolute shrinkage and selection operator (LASSO) regression [36] Using tenfold cross-vali-
dation, five robust genes were identified. These five genes were then included in multivariate Cox regression analysis to
determine the regression coefficients for each gene.

CRS = NAV3 % 1.36 + SIX4 % 0.74 — MS4A2 * 0.4 — RAB3B % 0.67 — LSAMP x 0.5.

Based on the optimal cutoff value determined by the survminer package, samples were divided into high-score and
low-score groups (Supplementary Data 5). Prognostic differences between groups were analyzed using the log-rank test.
KM plots were generated using the survival and survminer packages, and receiver operating characteristic curve (ROC)
was generated using the timeROC package.

2.13 Construction of nomogram

Based on the results of multivariate Cox regression analysis, a prognostic nomogram was constructed, integrating patient
age, tumor stage, and CRS in the TCGA COAD cohort (excluding patients with incomplete data). The nomogram was
visualized using the rms R package.

2.14 Statistical analysis

Statistical analyses were conducted using R software (version 4.0). The Spearman test was used to evaluate the signifi-
cance of correlations between two continuous variables. Data visualization was performed using ggplot2. In most cases,
the Wilcoxon rank-sum test (non-parametric) was used to analyze differences in continuous variables between two
groups. * indicates p < 0.05, ** indicates p-value <0.01, *** indicates p <0.001, and **** indicates p <0.0001.

3 Results
3.1 CRD s pervasive in CRC development

To investigate the role of CR in CRC development, we compared CR-related gene expression between CRC and normal
tissues using the TCGA COAD and GSE21510 cohorts (Fig. 1A). The results demonstrated that many CR-related genes were
altered in CRC development. We further examined the expression of several circadian core genes (Fig. 1B), and found that
in CRC tissues ARNTL, CRY2, PER1, and PER3 were predominantly downregulated, while CLOCK and CRYT were upregulated.
Notably, PER2 did not show significant differences between tumor and normal tissues in either dataset. Previous studies
have demonstrated that the CRD score can comprehensively assess CRD during tumorigenesis based on transcriptomic
data [20]. Our analysis revealed that the CRD score was significantly elevated in CRC tissues compared to normal tissues
(Fig. 1C). These bulk transcriptomics results suggest significant CRD during CRC development.

We then used single-cell RNA sequencing data to further analyze CR status across different cell subtypes. Using
previously identified marker genes, we annotated cells into five subtypes: T, B, stromal, epithelial, and myeloid cells
(Supplementary Fig. 2, Fig. 1D) [21]. Among all cell types, the GOBP-CIRCADIAN-RHYTHM pathway exhibited highest
score in stromal cells and relatively lower score in epithelial cells, as determined by UCell algorithms (Fig. 1E). Notably,
GOBP-CIRCADIAN-RHYTHM scores were lower in epithelial cells from tumor tissues compared to normal tissues (Fig. 1E).
Additionally, other algorithms such as AUCell, JASMINE, singscore, ssgsea, and viper also confirmed that CR scores were
significantly reduced in tumor epithelial cells (Fig. 1F, Supplementary Data 1). These results suggested a disruption of
the CRin colorectal cancer epithelial cells.
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Fig. 1 Exploration of CR status in CRC using bulk and single-cell RNA sequencing. A Volcano plots showing differential expression analysis
results between tumor and normal tissues in the TCGA COAD and GSE21510 cohorts (p.adj<0.05, |Log2FC|>=1). Circadian rhythm-related
genes are highlighted, with red dots representing upregulated genes and blue dots representing downregulated genes. B Expression of
seven representative core circadian genes in normal and tumor samples. The GSE21510 cohort did not include the PERT gene, so only six
representative core circadian genes are shown. C CRD score expression in normal and tumor samples. D UMAP plot displaying cell annota-
tions from single-cell RNA sequencing data, including B, T, stromal, epithelial, and myeloid cells. E Density heatmap of GOBP-CIRCADIAN-
RHYTHM geneset scores across different cell subtypes using the UCell method. N represents normal tissue, and T represents tumor tissue.
Analysis was performed using the irGSEA R package. F Differential expression analysis of the GOBP-CIRCADIAN-RHYTHM geneset across
CR clusters using UCell, AUCell, JASMINE, singscore, ssGSEA, and viper algorithms. "Direction up" indicates upregulation, and "Direction
down" indicates downregulation. Analysis was performed using the irGSEA R package. Wilcoxon rank-sum test (non-parametric) was used
to analyze continuous variable differences between groups. * indicates p <0.05, ** indicates p <0.01, *** indicates p <0.001, **** indicates
p <0.0001

@ Discover



Discover Oncology (2025) 16:693 | https://doi.org/10.1007/512672-025-02521-3
Analysis

3.2 CR clusters are effective in distinguishing prognostic outcomes in CRC patients

Given the widespread use of molecular subtyping in clinical practice, we manually collected 48 CR-related genes
from the literature and performed unsupervised clustering on CRC patients in the TCGA COAD cohort based on these
genes. We tested 2 to 9 clusters and found that the clustering was most stable when patients were divided into two
groups, as indicated by the CDF plot (Fig. 2A). Therefore, we defined the two clusters as CR cluster 1 and CR cluster
2 (Supplementary Data 2). Principal component analysis (PCA) showed distinct gene expression patterns between
the CR clusters (Fig. 2B). Survival analysis revealed that patients in CR cluster 1 had significantly better OS than
those in cluster 2 (Fig. 2C, Log-rank p=0.018). There were 95 upregulated and 684 downregulated genes in cluster 1
compared to cluster 2 (Fig. 2D, Supplementary Data 6). Subsequently, we observed that CR cluster 1 and CR cluster
2 exhibited distinct biological characteristics (Fig. 2E). CR cluster 1 was predominantly enriched in pathways related
to cytoplasmic ribosomes, mitochondrial matrix, and aerobic respiration, suggesting a strong association with ribo-
some and mitochondrial functions, which may influence protein synthesis and energy metabolism. In contrast, CR
cluster 2 was closely linked to collagen, extracellular matrix (ECM) structure, and function. These markedly different
biological features between the two CR clusters may underlie their significantly divergent prognostic outcomes.
We also validated these findings in the GSE17536 cohort, where the same 48 circadian genes were able to stratify
patients into two distinct clusters with different gene expression patterns (Fig. 2F, Supplementary Data 2). Patients
in cluster 1 had significantly better OS compared to those in cluster 2 (Fig. 2G, Log-rank p =0.02). Subsequently, we
observed that most CR genes were expressed at significantly lower levels in CR cluster 1 than in cluster 2 (Fig. 2H).
Core clock genes such as ARNTL, CLOCK, CRY1, CRY2, PER1, PER2, and PER3 were significantly elevated in cluster 2,
indicating distinct circadian states between the two clusters (Fig. 2I).

3.3 CR clusters reflect distinct TME states

To characterize the functional differences between CR clusters, we compared the expression of previously identi-
fied biological processes between the CR clusters [37]. Compared to CR cluster 1, angiogenesis and EMT processes
were significantly elevated in CR cluster 2 (Fig. 3A), suggesting a higher likelihood of metastasis in these patients.
Furthermore, immune-related events such as CD8 T effector function, Pan-F-TBRS, and immune checkpoints were
significantly upregulated in CR cluster 2 (Fig. 3A), indicating distinct immune states between the two clusters. Rep-
resentative immune checkpoint genes also showed differential expression between CR clusters (Fig. 3C). We then
applied six widely used deconvolution algorithms to assess the TILs content across the CR clusters. Overall, TILs
content significantly varied between the CR clusters (Fig. 3B). Specifically, CAF and T cell dysfunction scores were
higher in CR cluster 2, while M2 macrophage and MDSC scores were lower compared to CR cluster 1 (Fig. 3D). Given
the close relationship between the TILs and ICB therapy response, we examined two published ICB efficacy-related
markers between the CR clusters. TIS, an indicator of ICB response, was elevated in CR cluster 2, whereas COX IS, a
marker of ICB resistance, was reduced (Fig. 3E). Additionally, the proportion of MSI-H patients was significantly higher
in CR cluster 2 compared to MSI-L&MSS (Fig. 3F, p = 0.00082). These results suggest that patients in CR cluster 2 may
be more responsive to ICB treatment.

3.4 Significant differences in CMS subtypes between the two CR clusters

To identify potential CR-related genes, we conducted WGCNA using the two CR clusters as phenotypic information to
identify cluster-associated hub genes (Fig. 4A). The results showed that the turquoise module was most associated with
the CR clusters among all modules (Fig. 4B). We identified 196 common genes between the turquoise module genes and
DEGs of CR clusters, which were defined as candidate genes (Fig. 4C, Supplementary Data 6). Unsupervised clustering of
the TCGA COAD cohort using these genes still stratified patients into two groups with distinct gene expression profiles
and survival outcomes, which we defined as CR clusters-related genes (CRRG) clusters (Fig. 4D, E). Sankey diagram showed
that most patients in CR cluster 1 are also in CRRG cluster 1 (Fig. 4F), further confirming the robustness of CR clusters.
Next, we compared the distribution of CMS across the CR/CRRG clusters and found significant differences
(Fig. 4G-1). CMS1 (MSI Immune) was primarily enriched in CR/CRRG cluster 2, while CMS2 (Canonical) was more
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CR clusters in the TCGA COAD cohort. I Expression of seven representative core circadian genes between CR clusters in the TCGA COAD
cohort
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Fig.4 Validation of CR clusters. A Correlation of module eigen genes with CR clusters in WGCNA analysis. Each row includes the corre-
sponding correlation values and p-values, with red and blue indicating positive and negative correlations, respectively. B Detail correlation
between module membership and gene significance of the turquoise module. C Common genes between DEGs of CR clusters and tur-
quoise module genes. D PCA plot showing gene expression patterns of CRRG clusters in the TCGA COAD cohort. E KM plot illustrating OS of
CRRG clusters in the TCGA COAD cohort. F Sankey plot showing the relationship between CR clusters and CRRG clusters in the TCGA COAD
cohort. G-1The distribution of CMS1-4 in CR clusters (G: TCGA COAD; H: GSE17536) and CRRG clusters (I: TCGA COAD). Statistical testing was
performed using Pearson’s Chi-squared test

prevalent in CR/CRRG cluster 1. Notably, CMS4 was mainly distributed in CR/CRRG cluster 2. Compared to CMS1-3
clusters, CMS4 is characterized by a high stromal content and is recognized as a poorer prognostic subtype in CRC,
which may partly explain the worse prognosis of patients in CR/CRRG cluster 2.

3.5 CRS combined with tumor stage outperforms stage alone in predicting overall survival of CRC patients

We used candidate genes identified from WGCNA and DEG analyses to construct a prognostic model based on LASSO
and multivariate Cox regression analyses, which we termed the CR-related score (CRS). These figures illustrate the feature
selection process using LASSO (Fig. 5A, B). Finally, we identified five robust genes and their corresponding regression
coefficients. According to the methods described, patients were divided into high and low CRS groups, with the high CRS
group showing significantly worse OS compared to the low CRS group (Fig. 5C: training cohort; Fig. 5D: validation cohort).
The predictive power of CRS combined with tumor stage for 1-, 3-, and 5-year OS was 0.85, 0.84, and 0.79, respectively,
significantly better than that of tumor stage alone (0.72, 0.72, 0.66) (Fig. 5E, F: TCGA COAD). This result was also observed
in the GSE17536 cohort (Fig. 5G, H). Additionally, CRS was significantly elevated in patients with tumor metastasis and
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Fig.5 Development of the CRS prognostic model. A, B LASSO regression analysis for selecting variables for the prognostic model. C, D KM
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lymph node invasion compared to those without these conditions (Fig. 51). CRS was also significantly positively correlated
with the previously proposed CRD score (Fig. 5J). Subgroup analysis indicated that CRS was a significant risk factor across
different tumor subgroups (Older, Young, Female, Male, Stage 1&ll, and Stage 1l1&IV) (Fig. 5K). Multivariate Cox regression
analysis incorporating age, gender, and tumor stage confirmed that CRS remained a risk factor after adjusting for these
variables (Fig. 5L). Finally, a nomogram was constructed using variables that were meaningful in the multivariate Cox
regression analysis (tumor stage, CRS, and age) to predict 1-, 3-, and 5-year overall survival in CRC patients (Fig. 5M).
Furthermore, we manually collected 65 mRNA-based prognostic models for CRC from the literature (Supplementary
Data 7) and evaluated the prognostic performance of the CRS model compared to existing models using C-index and
AUC. For each model, we calculated the C-index and AUC values for 1-year, 3-year, and 5-year overall survival in both
the TCGA COAD and GSE17536 cohorts, using the average value of each index to comprehensively measure the model’s
prognostic performance. The results showed that the CRS achieved the highest C-index, 3-year AUC, and 5-year AUC val-
ues among all models, while the 1-year AUC ranked fourth (Fig. 6). These findings suggested that the CRS score exhibited

superior efficacy in prognostic prediction.
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Fig. 6 Comparison of prognostic performance of CRS and other CRC models. This figure compares the prognostic performance of the CRS
model with 65 other mRNA-based CRC prognostic models in terms of C-index and AUC values (AUC refers to the Area Under the ROC Curve)
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3.6 Exploring the relationship between CRS model genes and circadian rhythms

In the TCGA COAD cohort, we found that the expression levels of nearly all core circadian rhythm genes were sig-
nificantly positively correlated with the CRS model genes (Supplementary Fig. 3). As transcription factors, the core
clock genes CLOCK and BMAL1 may play an important role in driving the transcription of CRS model genes. To verify
this, we used the TF-Target Finder online tool to identify potential transcription factor-target gene interactions [38].
TF-Target Finder showed that the Gene Transcription Regulation Database suggested that LSAMP, NAV3, and SIX4
might be downstream target genes of CLOCK (Supplementary Data 8) [39]. Unfortunately, BMALT was not included in
the database. Taken together, these results suggested that core circadian rhythm genes such as CLOCK may regulate
the transcription of genes like LSAMP, NAV3, and SIX4, thereby influencing their expression and CRC progression.

To explore potential drug targets for CRS model genes, we used the oncoPredict R package to predict the half-
maximal inhibitory concentration (IC50) of 198 drugs in TCGA COAD patients. We then analyzed the correlation
between CRS model genes and the IC50 values of these drugs. A correlation was considered significant if p <0.05
and the correlation coefficient > 0.3 (Supplementary Fig. 4). For example, MS4A2 showed a negative correlation with
ABT737_1910, suggesting that patients with high MS4A2 expression may be more sensitive to this drug. RAB3B,
NAV3, MS4A2, and LSAMP were positively correlated with Acetalax_1804, indicating that patients with high expres-
sion of these genes may be less sensitive to Acetalax_1804. Subsequently, we observed that the CRS model genes
(LSAMP, MS4A2, NAV3, RAB3B, and SIX4) were significantly negatively correlated with the CRD score (Fig. 7A-E). And
the expression levels of Ms4a2 and Rab3b were higher in Bam/ knockout group compared to the wild-type group
(Fig. 7F), suggesting that these genes may be regulated by circadian rhythms. Moreover, KM plots indicated that
patients with high expression of LSAMP, MS4A2, and RAB3B, as well as low expression of NAV3 and SIX4, had better
OS (Fig. 7G-K). Thus, these genes might serve as potential intervention targets influencing CRC prognosis.

4 Discussion

Despite growing awareness of the impact of CR regulation in cancer [13, 14, 17], systematic analysis of CR status in
CRC patients holds significant potential for risk assessment and targeted lifestyle interventions across all stages of
cancer management, from prevention to survival.

Single-cell RNA sequencing enables gene expression analysis at the individual cell level, offering a finer resolution
compared to bulk sequencing [40-42]. In this study, we integrated two types of sequencing methods and found sig-
nificant differences in CRD score, core CR genes, and CR pathway scores between CRC and normal tissues, indicating
marked alterations in CR status during tumorigenesis.

CR profoundly influence metabolic states [43], for example, sleep deficiency activates fatty acid oxidation, which
promotes lung tumor growth. Our study revealed that the differentially biological functions between CR clusters
are predominantly enriched in categories such as cytosolic ribosome, mitochondrial matrix, and aerobic respiration
(Fig. 2E). Thus, we inferred that CR status affects CRC primarily through its impact on energy metabolism and protein
synthesis, which represent crucial future directions for CR research.

CR status also affects EMT and metastasis. Clock genes (BMAL1, PER2, and CLOCK) can inhibit EMT by regulating
TGF-f transcription factors [13]. Disrupted CR can accelerate cancer metastasis by triggering the accumulation of
myeloid-derived suppressor cells through gut microbiota [15]. In our study, we observed significant differences in the
proportion of CMS4 (characterized by EMT) between CR clusters. And ssGSEA analysis revealed distinct EMT scores
across CR clusters. These suggest that CR-based therapies may offer promising treatments for metastatic CRC [44].

Currently, the decision to administer ICB therapy in CRC patients primarily depends on MSI status [45]. MSI-H
patients are recommended for ICB treatment, but this approach does not fully predict patient response to ICB ther-
apy [46]. In this study, we found that significant differences in the proportions of MSI-H and MSI-L/MSS between
CR clusters. Moreover, ICB markers (TIS, COX-IS) also vary across CR clusters. Combining MSI status and CR clusters
classification to predict responses to ICB therapy is promising. Additionally, CRS demonstrates excellent predictive
performance for CRC patient outcomes. Combining CRS with tumor stage significantly enhances OS prediction, with
1-, 3-, and 5-year AUC values exceeding 0.7, compared to tumor stage alone.
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Fig.7 Identification of potential targets for improving CRC prognosis. A-E Spearman correlation analysis between CRD score and CRS
model genes (LSAMP, MS4A2, NAV3, RAB3B, and SIX4) in the TCGA COAD cohort. F Expression levels of CRS model genes in wild type and
Bmal1 knockout mouse kidney tissues (GSE188688). Statistical significance between groups was tested using t-test. WT wild type, Bmal1 KO
Bmal1 knockout. G-K Survival analysis of CRS model genes in the TCGA COAD cohort

Previous studies have shown that LSAMP reexpression inhibits tumor growth in preclinical osteosarcoma models
[47]. Although research on MS4A2 in tumors is limited, bioinformatics studies have identified it as a mast cell marker in
CRC [48]. SIX4 promotes hepatocellular carcinoma metastasis by upregulating YAPT and c-MET, serving as a prognostic
biomarker for HCC patients [49]. NAV3 may suppress breast cancer progression by modulating microtubule dynamics,
directional migration, and inhibiting initial cell movement [50]. In a mouse xenograft model, Rab3B enhances DDX6
stability and promotes lung adenocarcinoma growth [51]. In CRC, RT-PCR has indicated that NAV3 expression was
significantly elevated in CRC cells, and its knockdown inhibited CRC cell proliferation [52]. LSAMP might enhance
the sensitivity of CRC cells to CD8 +T cell-mediated cytotoxicity by inhibiting the Wnt/B-catenin signaling pathway
[53]. The mRNA level of RAB3B was lower in tumor tissues compared to adjacent non-malignant tissues [54]. SIX4 was
highly expressed in tumor tissues, and its overexpression promoted tumor growth and angiogenesis both in vitro
and in vivo [55]. Silencing S/X4 inhibited CRC cell metastasis by suppressing AKT phosphorylation [56]. However,
high-quality studies that specifically investigate the roles of these model genes in CRC and their potential relation-
ship with CRD are still lacking.

Our study also identified CRS model genes associated with CRC prognosis, where high expression of LSAMP, MS4A2, and
RAB3B, and low expression of NAV3 and SIX4, correlated with better outcomes. Furthermore, CRS model genes were signifi-
cantly negatively correlated with the CRD score; in Baml1 knockout mouse kidney tissues, expression of Ms4a2 and Rab3b
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was higher than in wild-type mice. Understanding whether these genes are influenced by CRD and affect the prognosis of
CRC s a critical focus for future studies.

The causality of CRD and CRC is an interesting issue. Numerous studies have shown that CRD can increase the risk
of CRC. For example, research has found that CRD can disrupt the balance of the gut microbiome and the integrity of
the intestinal barrier, which in turn promotes the development of CRC [57]. Additionally, CRD can overactivate the Wnt
signaling pathway and enhance MYC-dependent glycolytic metabolism, thereby accelerating the progression of CRC
[58]. These findings suggest that CRD may be a significant driver of CRC initiation and progression. Although CRC may
indirectly cause CRD by affecting patients’ physiological states (e.g., sleep quality), current evidence more strongly sup-
ports CRD as a driver of CRC.

4.1 Limitations

The results of this study are based on publicly available transcriptomic sequencing data from large cohort samples.
Further validation using data from our institution will be necessary in the future. Additionally, in vivo and in vitro stud-
ies are needed to validate the relationship between core circadian genes and CRS model genes in CRC tissues. A critical
area for future research is to determine whether these genes are regulated by CR and how this regulation might impact
CRC prognosis.

5 Conclusion

There are significant changes in CR states during CRC development. The CR clusters represent two distinct CR states. CRS
plays a crucial role in personalized assessment of CRC prognosis. LSAMP, MS4A2, RAB3B, NAV3, and SIX4 may be potential
prognostic targets regulated by CR.
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