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System biology analysis reveals circadian
rhythm disorder associated with
development and progression in
colorectal cancer
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Circadian rhythm disorders represent an abstract concept lacking standardized quantitative metrics.
Existing circadian indicators, including traditional rhythmparameters and a limited set of clock gene or
physiological biomarkers, are insufficient to robustly capture steady-state endogenous circadian
homeostasis in complex disease contexts, thereby constraining quantitative assessment of circadian
disruption and limiting its translational applicability. Chronic circadian rhythm disruption is associated
with various diseases, includingmetabolic disorders andmalignancies. However, themechanisms by
which circadian disruption influences tumor microenvironment formation and colorectal cancer
progression remain incompletely understood. This study employs systems biology analysis to
decipher themolecular characteristics of circadian rhythmdisruption in colorectal cancer progression.
We analyzed single-cell RNA sequencing data from 13 CRC tissue samples and 12 normal mucosal
samples, combined with 3733 samples from 34 public batch RNA, microarray, and single-cell RNA
sequencing cohorts. We developed and validated the ClockProCRC system, which detects and
quantifies intrinsic circadianmisalignment in CRC. The ClockProCRC score elucidates how circadian
misalignment drives CRC progression trajectories, shapes clinical phenotypes, regulates disease
manifestations, and reshapes the tumor microenvironment. SYNE1 gene was identified as a key
mediator of circadian misalignment, promoting tumorigenesis by driving epithelial-like phenotypic
conversion and demonstrating therapeutic potential in colorectal cancer management. This study
establishes a foundation for integrating rhythmic information into clinical practice and advances
circadian biology research in the field of CRC.

In contemporary society, human lifestyles have undergone dramatic
changes, which have profoundly impacted the body’s circadian rhythm and
its regulatorymechanisms. As a highly conserved evolutionary endogenous
timing system, the circadian rhythm plays an indispensable role in main-
taining normal physiological functions and homeostatic balance1–3. How-
ever, various modern factors, such as frequent trans-meridian travel,
irregular shift work, and excessive exposure to artificial light sources, have
led to an increasing prevalence of Circadian rhythm disorder (CRD)4,5.
Numerous clinical and basic studies have demonstrated a strong link

between CRD and the development of various diseases, including cardio-
vascular disorders, metabolic diseases, neurological conditions, and multi-
ple forms of cancer5–8.

CRC is the thirdmost commonly diagnosed cancerworldwide and the
second leading cause of cancer-related death globally. In 2020, China
accounted for 28.8% of all newly diagnosed CRC cases and 30.6% of CRC-
related deaths worldwide9–11. Increasing evidence suggests that disruptions
in the circadian rhythm are closely associated with the onset of various
cancers, including breast, prostate, colorectal, pancreatic, liver, and lung
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cancers12–15. These findings highlight the critical regulatory role of the
intrinsic biological clock in cancer development.

Disruption of circadian rhythms can impact tumor cell biological
behavior through multiple mechanisms. On one hand, circadian rhythm
disturbances may interfere with the normal regulation of the cell cycle and
weaken immune system function, resulting in an imbalance between cell
proliferation and apoptosis, thereby creating favorable conditions for
malignant tumor cell proliferation16,17. On the other hand, circadian

disruption may also alter the ecological balance and metabolic function of
the gut microbiota. The gut microbiota plays a crucial role in maintaining
intestinal immune homeostasis and metabolic health, and changes in cir-
cadian rhythms may lead to alterations in microbiota composition and
metabolic products, thereby triggering chronic inflammation and creating a
microenvironment conducive to tumorigenesis18,19. Additionally, the results
of a study point to a direct effect of disruption of circadian core clock genes
(ARNTL, PER2, or NR1D1) during selective splicing events associated with

Adjacent tissue

CRC tissue
Circadian-Module 

Meta-cell Matrix construction from single cell matrix

Repeat procedure for other cell clusters

A

D

E

G H

B

I

C

F

https://doi.org/10.1038/s41698-026-01699-1 Article

npj Precision Oncology Article in Press

www.nature.com/npjprecisiononcology


cancer markers, which may support the onset or progression of cancer20.
Although current research is increasingly refining the mechanisms linking
biological clock disruption to CRC development21. However, unraveling
these mechanisms is critical to developing targeted prevention and treat-
ment strategies to address the impact of circadian rhythm disruption in
colorectal cancer disease.

To systematically elucidate the potential molecular mechanisms
underlying CRD in the initiation and progression of CRC and its impact on
clinical disease progression, this study employs a systems biology approach,
integrating high-throughput data with external cellular and molecular
functional experiments. Through this comprehensive approach, we inves-
tigate the potential molecular mechanisms of CRD in CRC and its clinical
significance. By developing the quantitative scoring system ‘ClockProCRC’,
we are able to assess the endogenous circadian rhythm dysregulation
expression profile in CRC patients, providing a comprehensive evaluation
from both clinical and biological perspectives. Additionally, our study
identifies that dysregulation of the novel biomarker SYNE1 gene in epi-
thelial cells of CRC patient tissues may be associated with the progression
of CRC.

Results
Single-cell transcriptomic profiling identifies CRC cell popula-
tions and maps CRD gene expression patterns
To systematically investigate the role of circadian rhythm disruption
(CRD) in colorectal cancer (CRC), we established an integrative ana-
lytical framework and technical roadmap (Supplemental Fig. 1). Briefly,
CRD-related genes were first defined from circadian perturbation
datasets and subsequently projected onto bulk and single-cell CRC
cohorts. To characterize the cellular landscape of colorectal cancer and
establish the single-cell framework for subsequent circadian analyses,
we first analyzed the GSE166555 scRNA-seq cohort after standard
quality control and batch correction. After screening and filtering, a
total of 94683 single cells were retained for subsequent analysis. The
filtered cells underwent principal component analysis for dimension-
ality reduction, then uniform manifold approximation and projection
(UMAP) clustering analysis revealed 19 distinct cell clusters based on
similar gene expression patterns (Supplemental Fig. 2A). Subsequently,
we identified nine major cell types: B cells, endothelial cells, T cells,
epithelial cells, fibroblasts, natural killer (NK) cells, mast cells, stromal
cells, and plasma cells (Supplemental Fig. 2B). We next analyzed the
single-cell expression patterns of predefined CRD-related genes in the
colorectal cancer scRNA-seq cohort, following cell clustering and
annotation (Fig. 1A). In the GSE10644 dataset, 906 expressed genes
were identified as the CRD gene set following a previously published
screening strategy, and were subsequently used as the predefined CRD
signature in our downstream analyses22. GO enrichment analysis
revealed significant enrichment of CRD genes in processes related to
circadian rhythm disorder, rhythmic processes, regulation of protein
ubiquitination, and the circadian sleep-wake cycle (Supplemental
Fig. 2C). The defined CRD gene set was mapped to the

GSE166555 single cell expression matrix, and a subset of CRD genes
expressible in the scRNA-seq data set was screened out. Based on this,
subsequent single cell expression distribution, cell type-specific
enrichment and module score analysis were carried out. This ensured
feature compatibility for downstream single-cell analyses, including
cell-type-specific expression mapping and CRD module scoring.

Deciphering the transcriptome drivers of the circadian rhythm
system during the development of colorectal cancer through
high-dimensional network analysis
To address the inherent sparsity of high-dimensional data, we further
aggregated highly similar cells into meta-cells. Using the meta-cell cir-
cadian expression matrix, we constructed networks for each cell type,
adjusting the number of cells folded into a single meta-cell using KNN
clustering (Fig. 1B). We observed a significant reduction in data sparsity
in the meta-cell matrix compared to the single-cell matrix, with the
sparsity reaching an optimal reduction at K = 50 (Fig. 1C). To reduce the
complexity of the network, we merged modules with a similarity greater
than 0.8, resulting in hierarchical clustering of nine circadian rhythm co-
expressionmodules and their key genes (Fig. 1D, Supplemental Fig. 2D).
Using UMAP for dimensionality reduction, we visualized key genes
within the co-expression network and found that these circadian rhythm
modules exhibited distinct spatial expression patterns and cell-type-
specific expression profiles (Supplemental Fig. 2E). Bar plot displaying
module membership values for the top 10 hub genes within the M4
module, where the SYNE1 gene exhibits a high value (Supplemental
Fig. 2F). We used scatter plots to visualize the expression profiles of the
nine CRC module genes in normal and colorectal cancer tissues. The
results show that module genes 1, 3, 4, 6, and 9 are upregulated in tumor
samples (Supplemental Fig. 2G). Modules 5 and 6 showed significant
overlap with colorectal cancer cells, indicating a strong correlation
between them (Supplemental Fig. 2H). To investigate the functional
relevance of CRD-associated modules in the development of colorectal
cancer, we compared gene expression in these modules between normal
colorectal mucosa and CRC tissues, and further assessed their correla-
tion with tumor-associated transcriptional features. Modules that were
significantly upregulated in CRC tissue and correlated with malignant
features were considered likely to be involved in the progression of CRC.
At the cellular level, overlap analysis, further confirmed by Fisher’s exact
test and Jaccard index, showed that fourmodules (M1,M3,M4, andM6)
were significantly enriched in circadian-related features from multiple
biological databases (BIOCARTA, KEGG, GO, REACTOME, and
WIKIPATHWAYS), suggesting that the rhythm genes they containmay
play a crucial role in colorectal cancer progression (Fig. 1E, Supple-
mental Fig. 2I). Differential module feature gene (DME) analysis further
highlighted their distinct co-expression patterns during the transition
from normal tissue to colorectal cancer (Fig. 1F). Thus, this 559-clock
gene signature composed of four modules may represent the circadian
rhythm transcriptional drivers (CTDs) promoting CRC progression
(Supplemental Table 3).

Fig. 1 | High-dimensional network analysis of the circadian rhythm system in
colorectal cancer development. A Schematic representation of a high-dimensional
network analysis procedure. UMAP plot projecting individual cells in normal
mucosa and colorectal cancer tissue from diseased patients (GSE166555 dataset).
B Schematic overview of the high-resolution network analysis procedure. To address
the sparsity inherent in scRNA-seq data, highly similar cells were aggregated into
‘Meta-cells’, representing transcriptionally similar cells within the circadian profile
and capturing distinct cell states. C Depiction of expression matrix density (1,
sparsity) for single-cell (sc), pseudo-bulk (PB), and meta-cell matrices, considering
varying values of K in each cell type.DModule eigengene-based connectivity (kME)
of genes within the nine identified co-expression modules. For each module, genes
are ranked according to their kME values, which represent the correlation between
individual gene expression and the corresponding module eigengene. Higher kME
values indicate stronger intramodular connectivity and suggest that the gene is more

representative of the module. EOverlap analysis comparing sets of genes associated
with circadian rhythms and identified modules using Fisher’s exact test. The simi-
larity was assessed by the Jaccard similarity coefficient (Jaccard index, where X
indicates non-significant overlap (FDR > 0.05). FDifferential module signature gene
(DME) analysis of the circadian co-expression network revealed upregulated or
downregulated modules between normal mucosal tissues and colorectal cancer
tissues. G Identification, summarization, and visualization of higher-order func-
tional themes underlying CTD were performed using vissE analysis. The overlap
networkwas generated based on the gene-set similarity data and annotated using the
MSigDB categories.HGenes with high logFC and high frequencies were considered
key players in the biological processes represented by the communities. I vissE
analysis automatically annotated each community by performing text mining
analysis of either gene-set names or descriptions.
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CTD gene clusters reveal biological processes associated with
CRC progression
To characterize the biological functions represented by CTD-
associated genes, we applied vissE and GO enrichment analyses,
which identified eight prioritized gene clusters corresponding to dis-
tinct biological themes. vissE analysis leverages the correlations
between gene sets and the inherent hierarchy present in pathway
databases and Gene Ontology. Initially, we calculated the similarity
network between the CTD signature and all MSigDB gene sets based on
overlap coefficients to identify gene sets that share similarities with the
CTD signature. By performing graph clustering on the similarity

network, we identified eight prioritized gene clusters (Fig. 1G). To
elucidate the biological relevance of each gene cluster, we mapped the
gene-level statistics (fold change, Log FC) from differential expression
analysis between normal mucosal and colorectal cancer tissues to each
cluster (Fig. 1H). Additionally, GO enrichment analysis was performed
on the CTD genes to explore the biological pathways they are involved
in or regulate. The results of the vissE analysis revealed eight prominent
biological functional themes within these gene clusters, which are
primarily associated with circadian rhythm signaling, immune
responses, extracellular matrix organization, oxidative stress, and
rhythmic processes (Figs. 1I and 2A).
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ClockProCRCscoredetection andquantification of endogenous
circadian disorder states
To overcome the limitations of using a single clock gene or a small number
of molecular markers to infer overall circadian status, we developed a
quantitative scoring system, ClockProCRC, to measure endogenous circa-
dian dysregulation in colorectal cancer. This system aims to identify and
quantify the molecular mechanisms driving circadian rhythm disruption
and activity in these patients. To validate the performance and robustness of
ClockProCRC, we employed 16 independent public datasets encompassing
various circadian rhythm patterns. To enable cross-species comparisons,
module eigenvalues were first z-score normalized within homologous gene
sets. In addition, given the nocturnal behavior of mice compared with the
diurnal patterns of humans and primates, mouse Zeitgeber timewas shifted
by 12 hours to align circadian phases across species (Fig. 2B, C). Notably,
using likelihood-based rhythmicity tests, we observed significant temporal
rhythmicity of ClockProCRC in both rodent and primate models under
standard or circadian-perturbed conditions. These rhythmic patterns were
detected in the hypothalamic suprachiasmatic nucleus of healthy primates
(Papio anubis) and in the brainstem and liver tissues of C57BL/6 mice
(Fig. 2D). Furthermore, ClockProCRC distinguished temporal patterns
between circadian-perturbed and corresponding control conditions across
independent datasets, including human subjects exposed to sleep restriction
versus sleep extension, circadian clock-mutant versus wild-type mice, and
other experimentally perturbed circadian conditions. Importantly, these
perturbations produced condition-dependent alterations in baseline levels
and oscillatory characteristics rather than a uniform directional change in
baseline ClockProCRC across all datasets. The relatively circadian-robust
conditions generally exhibited more pronounced oscillatory profiles, as
reflected by the corresponding rhythmicmodel parameters (Fig. 2E). At the
group level, several independent validation cohorts showed significantly
different ClockProCRC distributions between circadian-perturbed and
corresponding control conditions, with higher scores observed in the dis-
rupted groups in the cohorts displayed in Fig. 2F and Supplemental Fig. 3A.
Furthermore, ClockProCRC effectively discriminated genetically defined
circadian states,with significantdifferences amongwild-type, clock-mutant,
and clock-recovery conditions, with the highest levels observed in circadian
gene mutant mice compared to wild-type mice, and progressively lower
scores in the gene recovery mutant mice (Fig. 2G).

Shift work is a major disruptor of circadian rhythms, as the internal
circadian clock becomes misaligned with the external light-dark cycle,
whichmaybehas beenassociatedwith an increased risk of colorectal cancer.
To assess the ability ofClockProCRC todetect circadian rhythmdisruptions
induced by shift work, we employed a shift-workmousemodel. Notably, we
observed significant differences in ClockProCRC scores across various shift
work patterns, with the highest levels observed in night shift mice, followed

by day shift mice, and the non-shift control group (Fig. 2H). Furthermore,
ClockProCRC scores were higher in circadian rhythm mutant mice com-
pared to wild-type mice, and also higher in CRC samples compared to
healthy controls (Fig. 2I). These findings demonstrate that ClockProCRC
can effectively detect circadian rhythm status under different conditions.

Analysis of clinical significance of ClockProCRC score
Our previous analysis highlighted the correlation between ClockProCRC
scores and the biology and rhythm of CRC. To further explore the clinical
manifestations associated with CRD, we conducted an initial evaluation
focusing on the predictive accuracy of ClockProCRC scores for clinical
outcomes. Restricted cubic spline analysis revealed a significant linear
prognostic relationship betweenClockProCRC scores and colorectal cancer
survival, corresponding HR = 1 near the reference point, and the overall
trend increased risk with increasing ClockProCRC (Fig. 3A). Kaplan-Meier
survival curves demonstrated that an increase in ClockProCRC scores was
associated with a gradual decline in survival probability in CRC patients
(log-rank P < 0.01, Fig. 3B). Additionally, we assessed the correlation
between ClockProCRC scores and various clinical variables, including
clinical presentation, comorbidities, tumor staging, and microsatellite
instability (MSI) status in the GSE103479 and GSE39084 datasets. Hier-
archical clustering based on Spearman’s correlation revealed a strong
association between ClockProCRC scores and tumor stage, as well as the
mutation status of genes such as TP53 and KRAS (Fig. 3C, Supplemental
Fig. 3B). ClockProCRC scores progressively increased with the progression
of colorectal cancer (normal colorectal mucosa, adenoma, severe dysplasia,
colorectal cancer, and colorectal cancer with liver metastasis (CRLM),
Fig. 3D). This trend was further confirmed in the GSE68468 dataset, using
the same grading criteria (P < 0.0001, Fig. 4E). These results suggest that
ClockProCRC scores accurately reflect disease activity and progressively
increase with the severity of the disease.

Moreover, we observed that ClockProCRC scores fluctuated with
disease activity and remission. Specifically, ClockProCRC levels were
higher during the active phase of the disease and decreased during
remission. Notably, ClockProCRC scores were significantly elevated
during the acute phase of the disease, particularly in untreated CRC
patients, followed by treatment-resistant CRC patients and treatment-
sensitive patients (P < 0.05, Fig. 3F). In a separate cohort of CRLM,
ClockProCRC levels were highest in liver metastases, followed by pri-
mary CRC lesions, treated CRLM, and normal colorectal mucosa
(P < 0.05, Fig. 3G). Further analysis revealed that as the ClockProCRC
decile scores increased, tumor clinical stage (P < 0.05), MSI index
(P < 0.01), and the total number of harvested lymph nodes (P < 0.05) also
increased (Fig. 3H). Analysis of more than 1400 colorectal cancer
patients across 10 independent cohorts showed a broadly consistent

Fig. 2 | The robustness of ClockProCRC in circadian rhythm misalignment
quantification.A Functional enrichment analysis of four colorectal cancer circadian
disruption-related modules (M1, M3, M4, and M6). B Distribution of module gene
phases before alignment across species. C Distribution of module gene phases after
alignment (mouse shifted by 12 h). D ClockProCRC demonstrated accurate
detection of circadian rhythms in different samples, including liver tissue frommice
(GSE11923), heart tissue from C57BL/6 gene mutation mice (GSE54650), and the
inferior supraoptic nucleus of Papio Anubis (GSE98965). E Comparison of Clock-
ProCRC temporal profiles under circadian-perturbed and corresponding control
conditions, including sleep restriction versus sleep extension, circadian clock-
mutant versus wild-type mice, and circadian rhythm disturbance versus control
conditions. Individual points represent observations at the indicated Zeitgeber
times, and solid curves represent fitted 24 h rhythmic profiles. Basal level and
amplitude characterize the estimated baseline and magnitude of oscillation,
respectively, whereas pseudo-R² reflects the goodness-of-fit of the rhythmic model.
These parameters demonstrate condition-dependent alterations in ClockProCRC
temporal organization rather than a uniform directional change in baseline levels
across all datasets. F Distribution of ClockProCRC scores across three independent
human transcriptomic datasets (GSE39445: Sleep Extension (n = 222), Sleep

Restriction (n = 216);GSE98564: Well-rested Control (n = 71), Sleep Deprived
(n = 122); andGSE45818:Wildtype (n = 12), Clockmutant (n = 12)), illustrating the
association between ClockProCRC and circadian rhythm perturbation under dif-
ferent physiological and experimental conditions. ClockProCRC scores were cal-
culated individually for each sample based on normalized bulk expression matrices
using the predefined circadian-related gene set and the expression-matched random
background correction strategy described in the methods. Each dot represents one
independent biological sample. G Distribution of ClockProCRC scores in mice
harboring core clock gene mutations (GSE30411: Wildtype (n = 24), Clock rescue
(n = 24), Clock mutant (n = 24)). Scores were computed per sample using the same
standardized pipeline as in (C). Each data point corresponds to one sample.
H Distribution of ClockProCRC values across three distinct work-shift patterns
(Control (n = 18), Day shift (n = 18), Night shift (n = 18)) derived fromGSE124870.
Individual sample-level scores are shown as jittered points overlaid on boxplots.
I ClockProCRC scores in circadian clock mutant and wild-type mice (GSE186727:
CRC (n = 76), Health (n = 23)), further stratified into colorectal cancer and normal
mucosa subgroups. Each dot represents one independent sample. Higher Clock-
ProCRC scores indicate a greater degree of endogenous circadian rhythm
disruption.
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distribution pattern of ClockProCRC scores. Using the cohort-specific
median as the cutoff, samples were divided into ClockProCRC-Intensify
and ClockProCRC-Alleviate groups with approximately balanced pro-
portions, supporting the generalizability and robustness of the scoring
system across independent (Fig. 3I).

Dissecting the circadian rhythm disorder of colorectal cancer
from single-cell resolution
Usingdata from twoCRCsingle-cell cohorts (GSE200977 andGSE196964),
we investigated the mechanisms underlying microenvironmental changes
induced by circadian rhythm misalignment in CRC progression. Notably,
compared to adjacent normal mucosal tissue, CRC cells exhibited sig-
nificantly higher ClockProCRC scores (Fig. 4A). To assess the tissue
enrichment of different cell populations, we performed Ro/e analysis. We
found that epithelial/plasma cell populations preferentially occupied the
core regions of CRC with exacerbated CRD, while fibroblasts and

endothelial cells were preferentially enriched in the regions with stable
circadian rhythm. In regions with intensified circadian rhythm disruption,
we observed a reduction in endothelial and fibrotic cell expression,
accompanied by an increase in pro-inflammatory epithelial and plasma cell
numbers. Ro/e values greater than 1 indicate enrichment of the corre-
sponding cell type relative to expectation, whereas values lower than 1
indicate depletion (Fig. 4B, C).

We further transformed the traditional CRC cellularmap into a single-
cell signaling map to explore changes in the perceived microenvironment
induced by alterations in cellular circadian rhythm states during dynamic
progression (Supplemental Fig. 3C).Weobserved significant spatial overlap
between epithelial cell-centered communication networks and disrupted
circadian rhythmstates. In contrast,fibroblast-driven interactions primarily
occurred in the spatial regions with a stable circadian rhythm (Fig. 4D).
Overall, exacerbation of CRD enhanced intercellular crosstalk (Fig. 4E,
Supplemental Fig. 3D). Specifically, under exacerbated CRD, epithelial/
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plasma cells showed stronger interaction weights, while fibroblasts, crucial
for epithelial-mesenchymal transition and tumor cell suppression, displayed
reduced communication activity (Fig. 4F, Supplemental Fig. 3E). Further-
more, progression from the alleviate to the intensify CRD state was asso-
ciated with decreased apoptotic pathway activity and increased pro-
inflammatory cell–cell communication signaling, largerEuclideandistances
indicate stronger differences in intercellular communication patterns
between circadian disruption states (Fig. 4G). These findings highlight the
potential role of epithelial cells, fibroblasts, and their related pathways in
CRC progression under circadian rhythm misalignment.

Key circadian and night regulatory genes screening and their
effects on circadian rhythm disorder in colorectal cancer
To further investigate the regulatory mechanisms of circadian rhythm
disorder genes in CRC progression, we constructed a regulatory network
basedonCTDgenes derived fromhigh-dimensional co-expressionnetwork
analysis and identified key dysregulated genes (Fig. 5A). During the con-
struction of regulatory networks, the strength of regulatory interactions
between gene pairs was calculated using transcription factor binding sites
and transcription factormotif data. After 100 successive generations, 61 key
axes of regulatory interactions emerged (Fig. 5B). By integrating differential
gene expression and regulatory strength, we quantified gene dysregulation
scores. Results indicate thatNFATC2’s regulatory strength over SYNE1was
significantly elevated in colorectal cancer tissues (0.607, 95% CI
0.412–0.802), whereas it wasmarkedly weakened in normalmucosal tissues
(-0.102, 95% CI− 0.058–0.262), suggesting this regulatory relationship is
markedly activated in the tumor state (Fig. 5C). Furthermore, during the
iterative scoring and comparison of candidate regulatory axes, SYNE1
consistently demonstrated significant effect size and network robustness in
positively regulating colorectal cancer, outperforming other high-frequency
regulatory combinations. Consequently, the NFATC2-SYNE1 axis was
identified as a key dysregulated process accelerating CRC progression, with
SYNE1 receiving particular attention as a critical gene involved in circadian
rhythm dysregulation (Supplemental Fig. 3F).

Notably, SYNE1 exhibited a time-dependent expression trend across
the sampled Zeitgeber times, and this trend differed between control and
circadian disruption conditions. In the GSE43073 and GSE35026 datasets,
fitted curves suggested an oscillatory expression pattern of SYNE1 over the
cycle relative to ZT0 (lights on), whereas this pattern became weaker or
temporally shifted under circadian misalignment (Fig. 5D). This rhythmic
change may play a potential role in CRC initiation and progression. In
human experiments involving normal controls, sleep recovery groups, and
sleep deprivation groups, SYNE1 gene expression levels increased in the
sleep deprivation group while showing a decreasing trend in the sleep

recovery group (GSE56931). SYNE1 gene expression was significantly
higher in both the Clock-rescued and Clock-mutant groups compared to
wild-typemice, though theClock-rescued group exhibited lower expression
than the Clock-mutant group (GSE30411). These findings indicate that
circadianmisalignment disrupts the rhythmicity of SYNE1gene, potentially
influencing colorectal cancer development (Fig. 5E).

Notably, SYNE1 exhibited a modest time-dependent oscillatory
expression profile across the sampled Zeitgeber times, although its
rhythmicity was substantially weaker than that of canonical clock genes
(Fig. 5D and Supplemental Fig. 4). InGSE35026, the circadian disruption
condition showed a lower pseudo-R² (0.028 vs 0.081) and amplitude
(0.031 vs 0.046) than the corresponding control condition. A similar
pattern was observed in GSE43073, where Clock-mutant samples
exhibited a lower pseudo-R² (0.119 vs 0.305) and amplitude (0.15 vs 0.21)
than wild-type samples. These findings suggest that circadian pertur-
bation is associated with attenuation or remodeling of the temporal
expression profile of SYNE1 rather than a complete loss of rhythmicity.
Consistent with this observation, SYNE1 expression also varied across
independent circadian perturbation models. In GSE56931, SYNE1 gene
expression was increased in the sleep-deprivation group and showed a
decreasing trend following sleep recovery. In GSE30411, SYNE1 gene
expression was higher in both Clock-mutant and Clock-rescued mice
than in wild-type mice, while the Clock-rescued group showed lower
expression than the Clock-mutant group (Fig. 5E). Collectively, these
results indicate that SYNE1 expression is sensitive to circadian pertur-
bation, supporting its potential involvement as a downstream circadian
disruption-associated factor rather than a canonical clock oscillator.

SYNE1 gene interference will promote the development of CRC
To investigate the role of the SYNE1 gene in CRC progression, we first
examined its expression levels in normal mucosal and CRC tissues. The
results indicated that SYNE1gene expression was significantly higher in
CRC tissues compared to adjacent normal mucosal tissues (Supplemental
Fig. 5A, B). Similarly, in the GSE41258 dataset, Kaplan-Meier analysis
revealed that lower SYNE1 expression was associated with improved sur-
vival prognosis (Supplemental Fig. 5C). Functional enrichment analyses
were performed to investigate the biological roles associated with SYNE1.
GO analysis revealed that SYNE1-related genes were significantly enriched
in processes such as regulation of cellmigration and inflammatory response
(Fig. 5F). Consistently, GSEA based on Hallmark pathways indicated
enrichment in epithelial-mesenchymal transition, inflammatory signaling,
and adherens junction pathways (Fig. 5G).

In metastasis-related gene expression profiling, we found that SYNE1
gene expression levels were significantly higher in CRLM than in primary

Fig. 3 | Macroscopic clinical interpretability of circadian rhythm disorders.
A Restricted cubic spline analysis of the association between ClockProCRC and
overall survival. The red line represents the estimated log hazard ratio [ln(HR)], and
the shaded region indicates the 95% confidence interval, based on a Cox propor-
tional hazards model. The reference ClockProCRC value was set at 0.0197, where
ln(HR) = 0 (equivalent to HR = 1). The dashed horizontal line denotes the reference
risk level. B Kaplan-Meier curves of prognostic correlations with overall survival in
patients with colorectal cancer in the GSE17537 cohort (n = 55), with p values
derived from the log-rank test. C Heatmap of associations between circadian gene
profiles and clinical variables in cohort GSE39084, where genes are grouped by
marker (ClockProCRC, CTD). “Global-Clock” represents the comprehensive trend
of overall expression changes of circadian rhythm-related genes in the cohort. The
color scale indicates the direction and magnitude of ClockProCRC-associated cir-
cadian signal changes across cohorts (red: intensification; blue: alleviation). Color
intensity represents the standardized effect size of the trend.D–G Fold and box plots
depicting the mean and distribution of ClockProCRC scores across the four cohorts
(GSE41258: colon polyps (n = 24), high dysplasia (n = 10), adenoma (n = 6), CRC
samples (n = 185), CRLM (n = 67); GSE68468: colon polyps (n = 48), high dysplasia
(n = 7), adenoma (n = 8), CRC samples (n = 193), CRLM (n = 47); GSE140973: CRC

samples (n = 10), Cetuximab partial response to CRC (n = 11), Cetuximab resistant
to CRC (n = 26); GSE62321: normalmucosal tissues (n = 17), CRC samples (n = 20),
CRLM samples (n = 10), CRLM after treatment (n = 10)), highlighting associations
with colorectal cancer course, progression, and treatment remission timeline.
H Three-dimensional plots depicting the interactions between ClockProCRC, total
lymph nodes obtained, and positive lymph nodes, as well as Gantt plots of tumor
stage, microsatellite stability, and total lymph nodes harvested in the ClockProCRC
quartiles. IAssessment of the robustness and generalizability of ClockProCRC. Top:
Robustness and generalizability assessment of ClockProCRC in 10 independent
colorectal cancer cohorts (n > 1400). The ClockProCRC score is calculated for each
sample, and the gray dashed line represents the median ClockProCRC score of all
samples. Left: The circular bar chart illustrates the distribution of ClockProCRC
deciles among ten cohorts. Each bar represents the proportion of the number of
samples in different ClockProCRC quantile intervals in a cohort, reflecting the
stability of the ClockProCRC score distribution in the data set. Right: Donut charts
show the proportion of samples in each cohort classified as ClockProCRC-Intensify
or ClockProCRC-Alleviate using the cohort-specific median ClockProCRC as the
cutoff value. Sky blue is the proportion of the Intensify group in different cohorts,
and gray is the proportion of the Alleviate group in different cohorts.

https://doi.org/10.1038/s41698-026-01699-1 Article

npj Precision Oncology Article in Press

www.nature.com/npjprecisiononcology


ClockProCRC
Intensify
Alleviate

A

ED

CB

F

G

GSE200977

GSE196964

Fig. 4 | Biological effects of circadian dysregulation on colorectal carcinogenesis.
A Comparison of ClockProCRC distribution in different colorectal cancer single-
cell datasets: colorectal cancer tissues and adjacent normal mucosal tissues
(GSE200997, GSE196964). BDistribution of major cell types across different tumor
proportion intervals. The stacked area plot shows the relative percentage of each cell
type across tumor proportion groups (0–25%, 25–50%, 50–75%, and 75–100%). The
lower panel presents the Ro/e (observed/expected) ratio for each cell type, indicating
enrichment or depletion across tumor progression stages. C Tissue preference
analysis of different cell types during colorectal cancer progression. The heatmap
displays the ratio of observed to expected cell numbers (Ro/e) for each cell type
across tumor proportion intervals. Rows represent cell types and columns represent
tumor proportion intervals. Higher Ro/e values indicate enrichment of the corre-
sponding cell type in the specified tumor proportion group. Ro/e values > 1 indicate
enrichment, whereas values < 1 indicate depletion of the corresponding cell type.
D Cell-cell signaling mapping within colorectal cancer cells allows observation of
relationships occupying spatial regions of their ownmechanisms (circadian rhythm

disruption) as well as relationships overlapping with other cell-cell relationships.
E Comparison of System to Cell and Cell to Cell signaling activity in colorectal
cancer cells in states of remission and exacerbation of circadian rhythm disruption
according to ClockProCRC scores. F Identification of cell populations that undergo
significant changes in sending or receiving signals between states of remission and
exacerbation of circadian disruption. Two-dimensional spatial visualization of the
comparison of efferent and afferent interaction strengths.G Signaling pathwayswith
differential intercellular communication between the ClockProCRC intensify and
alleviate states. The left heatmap-like panels represent the relative activity of indi-
vidual signaling pathways in the two circadian disruption states (Intensify and
Alleviate). The middle bars indicate the extent of pathway-specific differences,
measured as Euclidean distance, and the right panel lists the significantly altered
signaling pathways. The color scale (Value) represents relative pathway activity
strength. Larger Euclidean distances indicate greater differences in communication
network organization between the two states.
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CRC (Wilcoxon test, P = 0.035 and P = 0.048, Supplemental Fig. 5D).
Further integrationwithGSVAresults revealed that SYNE1gene expression
was associated with significantly enhanced signaling pathways related to
epithelial-mesenchymal transition in CRLM (Supplemental Fig. 5E), sug-
gesting its potential role as a key regulator in promoting tumor cell invasion
and metastasis.

Functional validation of SYNE1 gene in colorectal cancer pro-
gression in vitro
To further explore the functional significance of SYNE1 gene, we utilized
siRNAtargetingSYNE1.As shown inFig. 6A, siRNAtransfection effectively
downregulated SYNE1 expression in both HCT116 and SW480 CRC cell
lines, and these cell lines were subsequently chosen for further experiments.
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E

Control
Circadian 
disruption Wild type

Clock 
mutant

F G

D
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To assess the contribution of the SYNE1 gene to CRC cell phenotypes, we
designed and synthesized two specific siRNAs targeting SYNE1, si-
SYNE1-01 and si-SYNE1-02. Transwell assays demonstrated that
knockdown of SYNE1 gene significantly reduced proliferation and
invasion in both cell lines (Fig. 6B, C). To further explore potential
mechanisms, we performed transcriptomic analysis of colorectal cancer
cells under different conditions, including SYNE1 silencing (si-SYNE1),
CLOCK silencing (si-CLOCK), and melatonin treatment (si-CLOCK
+melatonin). RNA-seq analysis revealed significantly increased circa-
dian dysregulation in clock-silenced cells compared to controls (higher
ClockProCRC levels), which was partially alleviated by melatonin
treatment (Fig. 6D). These findings indicate that melatonin treatment
can partially mitigate circadian dysregulation in colorectal cancer.
Consistent with the macroscopic finding that circadian dysregulation
leads to SYNE1 upregulation and impaired rhythmic expression, qRT-
PCR revealed a clear circadian rhythm in SYNE1gene expression under
control conditions (si-NC, P = 2.5e-04), disrupted by clock silencing (si-
CLOCK, P = 0.0704), and restored following melatonin treatment (si-
CLOCK+melatonin, P = 3.4e-03, Fig. 6E). In the si-CLOCK group, basal
SYNE1 gene expression was elevated compared to the control group, and
both the circadian oscillation and phase of the SYNE1 gene were altered.
Results indicate that the expression inflection point of the SYNE1 gene
occurs during the transition between day and night (approximately
ZT10–ZT12h) (Fig. 6E). These findings further confirm the positive
influence of circadian rhythm disruption on SYNE1 regulation at the
molecular level of gene control, a phenomenon we validated in colorectal
cancer cells (Fig. 6F). ROC analysis demonstrated strong predictive value
for endogenous circadian rhythm disruption of SYNE1 (AUC = 0.915,
Fig. 6G).

RNA sequencing analysis revealed significant circadian rhythm dis-
ruption in the si-SYNE1 group compared to the si-NC,whichwasmarkedly
alleviated by melatonin treatment (Fig. 6H). Dimension reduction analysis
demonstrated strong transcriptional similarity between the si-CLOCK and
si-SYNE1 two groups, indicating these perturbations share common reg-
ulatory effects (Fig. 6I). Western blot analysis further revealed that SYNE1
gene knockout significantly alters the expression pattern of epithelial mar-
kers. Specifically, in the si-SYNE1 group, E-cadherin and ZO-1 levels were
markedly upregulated, while expression of the mesenchymal marker
N-cadherin was significantly downregulated (Fig. 6J, Supplemental
Figs. 6, 7). This suggests that SYNE1 gene may accelerate distant organ
metastasis by promoting epithelial-mesenchymal transition, thereby med-
iating phenotypic reprogramming and immune evasion in colorectal cancer
cells. Similarly, wound healing assays showed that compared to si-NC cells,
si-SYNE1 cells exhibited a reduced migration area after 48 hours of culture
(Fig. 6K, L). To confirm the impact of SYNE1 gene on CRC cell prolifera-
tion, colony formation assayswere performedonHCT116 and SW480 cells.
SYNE1 gene knockdown significantly decreased the number of colonies
formed by both cell lines, indicating that SYNE1 gene may plays a critical
role in regulating CRC cell proliferation (Fig. 6M, N).

Discussion
The circadian clock functions as an internal time-keeping system and an
evolutionarily conserved molecular mechanism that generates circadian
rhythms and coordinates diverse physiological processes, including energy
metabolism and homeostasis23,24. Increasing evidence suggests that dis-
ruptions in circadian rhythms play a crucial role in tumorigenesis, pro-
moting cancer development and progression13,25–27. Moreover, circadian
rhythm disruption has been reported to interfere with multiple signaling
pathways, and altered expression of PER family genes has been associated
with tumor growth, invasiveness, and metastatic potential in several cancer
contexts28,29. CRY1, amember of the cryptochrome family, is upregulated in
CRC and is significantly associated with tumor progression and poor
prognosis30,31. Importantly, core circadian components directly or indirectly
regulate the expression of hundreds of peripheral circadian genes, many of
which appear to be linked to cancer invasiveness32. Overall, accumulating
evidence suggests that dysregulation of circadian rhythmgenes is associated
with increased tumor heterogeneity, unfavorable prognosis, and resistance
to anticancer therapies, although the mechanistic links among these pro-
cesses remain to be fully defined33.

In recent years, CRD has increasingly been recognized as a significant
risk factor for CRC. This disruption may promote tumor initiation and
progression through multiple mechanisms. First, circadian rhythm dis-
turbances may interfere with the normal regulation of the cell cycle and
impair immune system function, leading to an imbalance between cell
proliferation and apoptosis16,17. This imbalance creates a favorable envir-
onment for the malignant proliferation of tumor cells. Studies have shown
that the aberrant expression of core circadian genes, such as BMAL1 and
PER2, is closely linked to the proliferation rate of tumor cells. The under-
lying mechanisms likely involve the regulation of cyclin-dependent kinases
(CDKs) and cyclins34–36. Furthermore, circadian rhythm disruption may
also affect the ecological balance and metabolic functions of the gut
microbiota. The gutmicrobiota plays a critical role inmaintaining intestinal
immune homeostasis and metabolic health, and circadian alterations can
lead to changes in its composition and metabolic products. These changes
may trigger chronic inflammatory responses, creating a microenvironment
conducive to tumorigenesis18,19. Research has demonstrated that in CRC
patients, the diversity of the gut microbiota is significantly reduced, with an
increase in the relative abundance of pro-inflammatory bacterial genera,
accompanied by a decrease in beneficial metabolic products such as short-
chain fatty acids37,38.

Clinical studies have demonstrated a significant association between
the expression levels of circadian rhythm genes in tumor tissues of CRC
patients and both tumor metastatic potential and patient prognosis. For
example, studies have shown that the disruption of the PER1 gene is asso-
ciated with an increased risk of distant metastasis and poorer survival rates
in CRC patients39. Although these studies provide valuable insights into the
role of circadian rhythm disruption in CRC, they predominantly focus on
single-gene analyses, lacking comprehensive and systemic multi-gene co-
expression analyses40. Given the complexity of circadian rhythmdisruption,

Fig. 5 | Construction of gene regulatory network and biological significance of
SYNE1 gene. A GRNs were constructed by predicting binding sites for TFs within
promoter regions using TF motif data. Gene dysregulation was identified by inte-
grating three criteria, including differential regulation, differential expression of
targets, and concordance between differential regulation and differential expression.
B Identifying dysregulations that are strongly associated with CRC progression. In
each iteration of the genetic algorithm, the frequency of each disorder in the first ten
individuals is colored. C Key gene dysregulation axis NFATC2-SYNE1. Regression
lines were calculated by univariate regression to visualize differences in gene reg-
ulation under different conditions. D Temporal expression profiles and 24-h
rhythmicity analysis of SYNE1 under normal and circadian-disrupted conditions in
the GSE35026 and GSE43073 datasets. Each dot represents one individual sample
measured at the indicated Zeitgeber time. The solid curve indicates the fitted
rhythmic trend generated using a fixed 24 h sinusoidal model, which was applied to

illustrate the overall oscillatory pattern rather than to interpolate each individual
data point. Rhythmicity P indicates statistical evidence for a 24 h oscillatory com-
ponent, pseudo-R² represents the goodness-of-fit of the rhythmic model, and
amplitude reflects the magnitude of the fitted oscillation. E Distribution of SYNE1
expression across independent datasets under different circadian perturbation
conditions. Boxplots show SYNE1 expression levels in human and mouse datasets
comparing control versus circadian disruption-related conditions, including sleep
deprivation (GSE98565), sleep recovery and sleep deprivation (GSE56931), and
wild-type, clock rescue, and clock mutant mice (GSE30411). F GO enrichment
analysis of SYNE1-associated genes in the colorectal cancer transcriptomic dataset
GSE71187. According to the enrichment degree (number of enriched genes), dif-
ferent categories of GO items are displayed, and their ontologies are marked with
different colors.GGSEA of Hallmark pathways based on genes ranked according to
their correlation with SYNE1 expression in the GSE71187 dataset.
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it is likely to exert its biological effects andmechanisms inCRCdevelopment
through the modulation of multiple gene modules and signaling pathways.

To systematically elucidate the potential molecular mechanisms of
CRD in CRC development and its impact on clinical disease progression,
this study integrates high-throughput data with external cellular and
molecular functional validation experiments through high-dimensional

artificial intelligence algorithms11,41–45. We developed the quantitative scor-
ing system ClockProCRC, which enables the assessment of endogenous
circadian rhythm dysregulation expression profiles in CRC patients, pro-
viding a comprehensive evaluation from both clinical and biological per-
spectives. After analyzing multiple external public datasets related to CRC
and circadian rhythm, our findings demonstrate that this scoring system
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exhibits strong robustness and universality in external validation datasets. It
accurately quantifies the degree of circadian rhythm disruption and rhythm
variations in CRC samples. Notably, in samples exposed to circadian
rhythmdisruption or under standard control conditions, the scoring system
reveals rhythmic changes over time. Similarly, in experimental groups with
circadian rhythmdisruption, the scores were significantly higher than those
in control groups.

More importantly, our findings demonstrate that the ClockProCRC
score is significantly associated with clinical variables in CRC patients, such
as survival prognosis, tumor staging, and treatment sensitivity. Specifically,
higher ClockProCRC scores were found to correlate with increased tumor
malignancy and poorer prognosis. Additionally, the ClockProCRC score
exhibited a notable trend of change at various stages of CRC progression,
from normal colorectal mucosa to adenoma, advanced atypical hyperplasia,
andultimately livermetastasis, suggesting that this scoring systemcan reflect
the dynamic progression of CRC to some extent. A randomized clinical trial
has shown that, compared to continuous infusion, the FOLFIRI regimen
(which includes irinotecan, oxaliplatin, and 5-fluorouracil) with circadian
rhythm modulation reduces tumor burden and drug toxicity in metastatic
CRC patients, while also improving objective response rate, overall survival,
and progression-free survival46. These findings underscore the potential for
circadian rhythm-based chronotherapy to gain greater attention in clinical
treatment strategies. The results of a study analyzed by multi-omics data
revealed the significance of biological clock genes (CLOCK, CRY1, PER3) in
metastasis, prognosis, and especially in regulating the immune micro-
environment throughEMT inmetastatic CRC, andwill provide preliminary
evidence for the use of cancer time therapy combined with immunotherapy
in immunotherapy regimens for metastatic CRC47.

The ClockProCRC scoring system was conceived not merely as a
simple stratification tool, but to reflect the degree of circadian rhythm dis-
ruption and its molecular characteristics within patients. By integrating
single-cell, multi-cohort transcriptomics and functional experiments, it
reveals to some extent whether a patient’s circadian rhythm state is dis-
rupted, providing a potential basis for individualized implementation of
chronotherapy. BasedonClockProCRC scores, patients are categorized into
high-score groups (indicating significant circadian disruption) and low-
score groups (with relatively preserved rhythms). High-score patients may
exhibit greater sensitivity to rhythm-optimized therapies (e.g., chemother-
apy administered during morning/evening windows), as their disrupted
endogenous rhythms could enhance time-dependent drugmetabolism and
DNArepair processes48. Additionally, theClockProCRCscore can serve as a
companion biomarker to help determine optimal dosing windows (e.g.,
morning vs. evening) to maximize efficacy and minimize toxicity.

Furthermore, our study suggests that circadian dysregulation of the
novel biomarker SYNE1 in epithelial cells may be associated with colorectal
cancer progression and may contribute to metastasis-related phenotypes.
SYNE1 expression not only exhibits significant circadian rhythmic changes
under CRD conditions, but its levels are also significantly upregulated in

CRC tissues and the circadian rhythm disruption intervention group, cor-
relating closely with poor prognosis in patients. More importantly, in vitro
experiments, including transwell and scratch assays, demonstrated that
knockdown of SYNE1 significantly inhibited the invasive and migratory
capabilities of CRC cells. Similarly, colony formation assays showed that
knockdown of SYNE1 reduced CRC cell proliferation. These external cell
experiments further confirmed the critical role of SYNE1 in CRC pro-
gression, suggesting that it may serve as a potential therapeutic molecular
target to inhibit CRC advancement.

Although this study provides new insights into the relationship
between CRD and CRC, several issues remain to be addressed in future
research. Firstly, our study primarily relies on transcriptomic data from
public databases, lacking validation from large-scale prospective clinical
cohorts. There is an urgent need for prospective, multicenter, large-sample
external validation in clinical cohorts to further assess the clinical predictive
accuracy and intervention feasibility of the ClockProCRC score system.
Additionally, the specific application of theClockProCRC scoring system in
clinical practice and its integration with existing clinical risk assessment
models require further validation and optimization. Secondly, while our
in vitro cell experiments have functionally verified the role of the SYNE1
gene in CRC cell migration, invasion, and proliferation, further animal
studies will help fully elucidate the bridging role of the SYNE1gene between
physiological circadian rhythms and the tumor microenvironment.

In conclusion, this study provides new insights into the molecular
mechanisms of CRC by revealing the critical role of CRD in tumorigenesis
and progression. We propose a circadian-based precision oncology fra-
mework and identify SYNE1 as a critical circadian-associated regulator in
CRC, laying the groundwork for chronotherapy interventions aimed at
improving clinical outcomesandquality of life for colorectal cancerpatients.

Methods
Dataset source and collection
The public datasets used in this study, which include data from humans,
primates, and mice, were sourced from the Gene Expression Omnibus
(GEO) database hosted by the National Center for Biotechnology Infor-
mation (NCBI). The acquisition and applicationof these datasets adhered to
relevant guidelines and policies. A total of 3758 samples from 35 public
datasets were included and re-analyzed (Supplemental Table 1). The pub-
licly available CRC single-cell RNA sequencing datasets included
GSE166555, GSE200997, and GSE196964. The Bulk RNA-seq and micro-
array chip datasets related to CRC included GSE41258, GSE44076,
GSE68468, GSE62321, GSE140973, GSE17537, GSE39084, GSE103479,
GSE77955, GSE81582, GSE117606, GSE37364, GSE26571, GSE186727,
GSE71187, GSE49355, and GSE51244. The Bulk RNA-seq and microarray
chip datasets related to circadian rhythm included GSE124870, GSE98965,
GSE54650, GSE10644, GSE57830, GSE143524, GSE56931, GSE98564,
GSE30411, GSE39445, GSE45818, GSE11923, GSE98565, GSE43073, and
GSE35026. Single-cell RNA sequencing dataset GSE166555 was used to

Fig. 6 | Functional validation of SYNE1 gene in circadian disruption-associated
colorectal cancer progression.AThe efficiency of SYNE1 gene knockdownby qRT-
PCR in HCT116 and SW480 cell lines. B The transwell assay shows that after the
knockdown of SYNE1, both invasion and migration are reduced compared to NC.
C The statistical graph of invasion and migration in HCT116, SW480 cell lines
transwell statistic graph. The mean ± SD of the bar graph represents the mean ±
standard deviation from3 independent biological replicates, where the value for each
experiment is the average of 4 random field counts in that experiment.
D ClockProCRC score significantly increased after CLOCK knockdown (si-
CLOCK) compared to control, and was partially rescued by melatonin supple-
mentation.EqPCR time-course analysis showing the rhythmic expression pattern of
SYNE1 in si-NC, si-CLOCK, and si-CLOCK + melatonin conditions; rhythm
restoration observed with melatonin treatment. Rhythmicity was assessed using a
constrained 24 h fitting model. F Correlation analysis between SYNE1 gene
expression and ClockProCRC score based on RNA-seq data. G ROC curve indi-
cating high discriminatory power of SYNE1 expression in differentiating CLOCK

knockdown samples. H ClockProCRC score increased significantly after SYNE1
interference, and melatonin could reverse this change. RNA-seq data showed that
the ClockProCRC of si-SYNE1 group was significantly higher than that of si-NC
group (P < 0.05), and melatonin combined intervention (si-SYNE1+Melatonin)
could partially restore the rhythm stability (P < 0.05). I PCoA analysis based on
transcriptome revealed that the global expression profiles of si-CLOCK and si-
SYNE1 treatment groups were significantly different from those of the si-NC and si-
NC+ melatonin group, and showed similar distribution trends. J Expression of E-
cadherin, ZO-1, and N-cadherin in HCT116 and SW480 cells transfected with si-
SYNE1 was detected by Western blotting. K HCT116 and SW480 cell lines showed
reduced cellmigration due to si-SYNE1 compared to the si-NC group in 0 h and 24 h
wound healing assays. L Migration statistics of HCT116 and SW480 cell lines in
wound healing assays.MCell cloning experiments of HCT116 and SW480 cell lines,
in which SYNE1 gene knockdown resulted in reduced cell proliferation compared to
the NC group. N Proliferation statistics of HCT116 and SW480 cell cloning
experiments.
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study biological mechanisms and scoring systems related to circadian
rhythms in CRC development. The criteria for inclusion of data sets are as
follows: (a) Publicly accessible and reproducible: All datasets used in this
study were sourced from the GEO database, featuring downloadable raw
expression matrices or normalized matrices, accompanied by comprehen-
sive platform annotation files to ensure reproducibility of data processing.
(b) Sample type clarity: In the included dataset, sample typesmust be clearly
labeled as primary CRC tissue and its adjacent normal mucosal tissue.
Similarly, the criteria for exclusion of data sets are as follows: (a) Technical
Incomparability: Datawill be excluded if significant batch effects are present
in bulk RNA-seq or microarray cohorts, and systematic bias persists after
correction bymethods such as sva, or if platform annotation information is
missing, preventing gene annotation reproducibility. (b) Non-compliant
rhythmic design: Time-series data that fail tomeet study specifications, lack
rhythmic condition annotations or timepoint records, or cannot be used for
rhythmic validation will not be employed in the rhythmic performance
assessment of the ClockProCRC score.

Single-cell RNA sequencing, bulk RNA sequencing, and micro-
array chip cohort processing
We performed quality control and data normalization on the single-cell
dataset GSE166555 using the Seurat package49,50. First, cells with more than
5% mitochondrial gene content, fewer than 500 genes, or more than 5500
genes were excluded to eliminate potential outliers and reduce interference
from cytoplasmic effects in subsequent analyses. Next, the ‘FindInte-
grationAnchors’ and ‘IntegrateData’ functions were applied to integrate
cells from different samples. The vst function was used to identify the top
2000 highly variable genes, which were then normalized and used as input
features for dimensionality reduction via principal component analysis.
Subcluster-specificmarker geneswere identified using the ‘FindAllMarkers’
function, and Uniform Manifold Approximation and Projection (UMAP)
analysis was performed using the ‘RunUMAP’ function. Finally, cell clus-
tering and annotation were performed using the SingleR package51,52, along
withmarker genesobtained fromthe literature for specific cell types, thereby
providing a clear presentation of cell types and states across all clusters. For
the processing of bulk RNA-seq and microarray data, each probe set was
annotated using the official gene symbols from the Ensembl database along
with the corresponding platform annotation information. Data normal-
ization and batch effect correction were performed using the limma and sva
packages, respectively53,54. The normalization process involved scaling the
gene expression data, enabling comparisons of gene expression levels across
different samples on a uniform scale. Batch effect correction was conducted
using a classical Bayesian algorithm, effectively removing systematic errors
arising from experimental batch variations (e.g., differences in time or
handling by different operators). This approach ensured that the gene
expression data accurately reflected the biological differences between
samples in different groups, providing reliable data support for subsequent
analyses.

Expression of the circadian gene set in the colorectum
To establish a robust reference gene set for circadian rhythm disorders, this
study referencedHOOGERWERFetal.’s systematic transcriptomic analysis
of mouse distal colon tissue under a 24-hour light-dark cycle. In that study,
experimental mice underwent a two-week adaptation period to a 12-hour
light/dark (LD) cycle, followed by sampling every 4 hours during the formal
experiment (6 time points in total)22. Subsequently, researchers employed
the maSigPro (Microarray Significant Profiles) algorithm for temporal
modeling analysis of all genes, followed by False Discovery Rate (FDR)
control using the Benjamini-Hochberg (B-H) method55. Rhythmic genes
exhibiting significant temporal trends and high reliability were selected
using thresholds of FDR < 0.01 and goodness-of-fit R² ≥ 0.7. The final set of
906 genes was categorized as circadian rhythm expression genes associated
with multiple pathophysiological functions, including colonic motility,
inflammatory regulation, and colorectal cancer development, forming the
gene set for subsequent studies (Supplemental Table 2).

High-dimensional co-expression network analysis
Single-cell transcriptome aggregation produces a ‘meta-cell’ expression
matrix. After cell annotation in the GSE166555 dataset, the resulting single-
cell expressionmatrix was intersectedwith the circadian rhythm disruption
gene set identified in previous analyses. This intersection allowed for the
selection of circadian rhythm disruption genes expressed in colorectal
cancer cells. Subsequently, a K-nearest neighbors (KNN) algorithm was
applied to generate a meta-cell expression matrix. Meta-cells are defined as
small clusters of transcriptionally similar cells that represent distinct cell
states. The algorithm groups cells with similar gene expression patterns into
meta-cells, ensuring that key sample information, such as disease status, is
preserved for downstream analysis56. Given the sparsity of single-cell gene
expression matrices, which often contain a large proportion of zero-value
entries, the sparsity is quantified as the proportion of zero entries relative to
the total number of entries in a matrix containingNg genes andNc cells

57. A
matrix is considered sparse if its sparsity exceeds 0.5.

sparsity ¼

PNg
i¼1

PNc
j¼1

1 ifXi; j ¼ 0

0 else

�
Ng ×Nc

ð1Þ

The inherent sparsity andnoiseof single-cell dataoften lead to spurious
gene-gene correlations, complicating network analysis. Additionally, the
correlation structures of single-cell data vary significantly across different
subsets of cells, such as distinct cell types and states58. To address these
limitations, we first cluster highly similar cells into ‘meta-cells’ to reduce
sparsity while preserving cellular heterogeneity.

We defined two sets: G for circadian-related genes (Supplemental
Table 2) andC for unique cell barcodes, with sizes ∣G∣ =Ng and ∣C∣ =Nc. To
identify cells with similar circadian gene expression profiles, we applied the
KNN algorithm to a reduced-dimensional representation D of the expres-
sion matrix X, generating Nc sets of k-nearest cells. Since overlap between
these sets was expected, a parametermwas introduced to limit the extent of
overlap. Cells were randomly selected from C, and their gene expression
data inXwere aggregated (via summation or averaging) with their k closest
neighbors. Cells that had excessive overlap with previously selected ones
were excluded to avoid redundancy in the meta-cell matrix. This process
continued until no cells met the overlap condition, yielding a finalmeta-cell
expressionmatrix (M). To ensure the process did not increase the sparsityof
the data, we calculated the sparsity of bothX andM at each step. The vector
for the i-th rowofM is represented asMi*, and the vector for the i-th column
isM*i.

High-dimensional co-expression network analysis and construction of
circadian rhythm module. Subsequently, we constructed a high-
dimensional co-expression network based on the CRC meta-cell expres-
sionmatrix. The gene-gene adjacencymatrixwas determined by calculating
the pairwise correlations between genes in the meta-cell expression matrix
(M). For any pair of genes (i,j), their gene expression vectors in M are
denoted as xi =Mi∗, xj =Mj∗, respectively. The correlation between gene
pairs is then defined as follows:

correlationi; j ¼ 1þ cor xi; xj
� �
2

ð2Þ

The correlations were then weighted by setting a soft threshold, while
the lowest soft power threshold with scale-free topological model fit ≥ 0.8
was selected to construct the topological overlap matrix (TOM), and the
genes were grouped into modules using a dynamic tree-cutting algorithm
based on the TOM network representation59. This method hierarchically
clusters genes based on their dissimilarity in the TOM, thus identifying co-
expression modules composed of genes with high topological similarity60.

Calculate the module characteristic gene. Themodule gene expression
profile (ME) serves as a convenientmetric summarizing the gene expression
profile of an entire co-expression module. ME is computed by performing
principal component analysis on subsets of the meta-cell expressionmatrix
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corresponding to each module. The first principal component obtained
fromeach principal component analysis is defined as theMEof themodule,
encapsulating the overall expression profile of that module for subsequent
analysis. This approach allows for a precise focus on the circadian rhythm
disruption genes within key modules that are closely involved in the pro-
gression of colorectal cancer, which will be prioritized for further investi-
gation. Finally, the ‘Eigengenes’ function was used to quantitatively assess
the correlation between co-expressed gene modules and circadian disrup-
tion, selectingmodules significantly associatedwith circadian disruption for
further analysis.

Development of ClockProCRC scoring system
To assess the level of endogenous CRD in individual cells or large sample
cohorts, the CRDscore package was utilized, integrating genes identified as
associatedwith circadian rhythm in colon tissues22.AClockProCRCscoring
systemwasdeveloped,whichcanfinely adjust fordiscrepanciesbasedon the
expression profiles of cells and genes61. The calculation process is as follows:

For a given normalizedmeta-cellular expression matrix C, the average
expression Ei of gene i in N samples or cells is defined as:

Ei ¼ log2

P
j10 × ð2Ci; j� 1Þ

N
þ 1

 !
; j ¼ 1; . . . ;N; scRNAseq ð3Þ

Next, a random sampling strategy was employed to divide genes into
100 expression bins based on their average expression levels (Ei). The fre-
quency of circadian rhythm disorder genes (CRGs) identified within each
binwas calculated anddesignated asBCRGs. Randomly selected feature genes
were chosen fromeachbin according to the frequencyofBCRGs, ensuring the
total number of selected feature genes (K) matched the number of CRGs.
This random procedure was repeated 1000 times.

Finally, the circadian rhythm center gene expression matrix can be
interpreted as data without excessive migration signals, which means:

Zi;j ¼ Ci;j �
P

jCi;j

N
; j ¼ 1; :::;N ð4Þ

where Zi,j is the central expression of gene i in cell or sample j. To quantify
the abundance ofCRGs, we created a random score Srandom as the average of
theK× 1000 random features sampled above, and created the score SCRGs as
the average of theKCRGs using the central expression data for each sample
or cell.

The characteristics of theClockProCRC score are normal distributions
or mixtures of normal distributions, and the calculation method is as fol-
lows:

ClockProCRC ¼ Srandom � SCRGs ð5Þ

The75%cutoff value basedon thequartilewasusedas the threshold for
CRD levels in single-cell RNA sequencing cohorts, while the median value
was commonly used in Bulk RNA-seq cohorts.

Analysis of biological functional enrichment
We performed Gene Ontology (GO) enrichment analysis on the circadian
rhythm disorder gene set defined in the GSE10644 dataset and the key
module genes identified from the CRC single-cell cohort using the clus-
terProfiler package62. The analysis employs Fisher’s exact test. P-values are
corrected using the B-Hmethod (FDR correction). This approach explores
the functional characteristics and biological activities of these genes from a
biological process perspective63–65. vissE analysis is a tool for visualizing gene
set or functional pathway enrichment results, typically used in conjunction
with functional enrichment analysis66,67. It takes as input BH-corrected
pathway results with FDR < 0.05 and constructs a network-like structure
based on overlap rates to present findings from gene expression or pathway
analysis. We employed gene set variation analysis (GSVA) to investigate

expression activity differences and biological significance of epithelial-
mesenchymal transition (EMT) related pathways between primary CRC
lesions and livermetastases. Using the classic EMT signature gene sets from
theMSigDBdatabase as the analysis target, we calculated enrichment scores
for each EMTpathway in every sample via the GSVA algorithm to quantify
their activation levels. GSVA was performed using the GSVA software
package68. Intergroup differences in EMT pathway enrichment scores
between primary tumors and liver metastases were compared using the
Wilcoxon signed-rank test, with P values corrected using the B-H method
(FDR < 0.05 considered significant).

Detection of the biological clock rhythm of the
ClockProCRC score
To evaluate the quantification scoring system we developed based on cir-
cadian rhythm disorder genes significantly expressed in colorectal cancer
cells, we conducted assessments of its rhythmicity over time in multiple
cohortswith circadian rhythmfluctuations. Thismonitoringwas based on a
likelihood-based method for detecting circadian rhythmicity in gene
expression data and comparing patterns. Themethod includes: (I) detecting
the circadian rhythmicity of genes; (II) comparing differences in the cir-
cadian rhythmic patterns of genes under two experimental conditions. The
approach assumes that the relationship between gene expression levels and
circadian time follows a sinusoidal curve model, quantifying the strength
and dynamic changes of circadian rhythm characteristics through curve-
fitting parameters such as amplitude, phase, and period69. The corre-
sponding calculation formula is as follows:

yi ¼ A sin ω tiþ φ
� �� �þ C þ εi ð6Þ

Where yi denotes the observed expression value of a gene at time ti; ti
represents the circadian time (e.g., hours since the onset of the subjective
day); A is the amplitude of oscillation, reflecting the peak-to-trough
difference;ω = 2π/T is the angular frequency, withT = 24 hours; φ indicates
the phase, representing the timing of peak expression; C is the baseline
expression level, corresponding to the average expression; and εi represents
random noise, modeled as a Gaussian distribution.

Circadian rhythmicity detection: To assess whether a feature exhibited
rhythmic behavior, we employed a likelihood ratio test (LRT) to compare
two models. The null hypothesis (H0): Expression remains constant over
time (A = 0), indicating no circadian rhythm. The alternative hypothesis
(HA): Expression follows a sinusoidal pattern (A ≠ 0), suggesting circadian
rhythmicity. The likelihoods for the null (L(H0)) and alternative (L(HA))
models were estimated via nonlinear regression, and the LRT statistic was
computed as follows:

LRT ¼ �2ðlnL H0ð Þ � lnL HAð ÞÞ ð7Þ

Featureswith significant LRTvalueswere categorized as rhythmic. The
resulting rhythmicity P value therefore represents statistical evidence for
24 h rhythmicity and pseudo-R² was used as a goodness-of-fit measure
reflecting the proportion of observed expression variability captured by the
fitted sinusoidal model. Differences in basal level, amplitude and phase
between experimental conditions were evaluated separately using differ-
ential circadian pattern analysis.

Assessment of cross-species rhythmic module concordance
To assess the conservation of ClockProCRC rhythmicity across species, we
integrateddata frommice, humans, andprimates.Given the distinctdiurnal
activity patterns among species (e.g., nocturnalmice versus diurnal humans
and primates), we employed a unified circadian time alignment strategy.
First, we performed independentmodule construction and rhythm analysis
within each species. Subsequently, we shifted the mouse Zeitgeber Time by
12 hours to align with the circadian rhythm phase of humans70. Using the
expressionpeaks of coremodule genes as anchors,weperformedphasefine-
tuning via cross-correlation methods71.
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Analysis of the evaluation and clinical correlation of circadian
rhythm disorder scores
To evaluate the clinical significance of ClockProCRC, we assessed its
associationwith survival outcome using a restricted cubic spline (RCS) Cox
regressionmodel. ClockProCRCwasmodeled as a continuous variable, and
the resulting spline functionwas visualized on the log hazard ratio [ln(HR)]
scale relative to the reference value. Kaplan-Meier survival curves were
further employed to validate their correlation with survival probability.
Additionally,weperformedcorrelation analysesbetween theClockProCRC
score and various clinical variables, including patient age, sex, tumor stage,
genetic mutations, and comorbidities, using data from the GSE39084 and
GSE103479 cohorts. At the molecular level, we explored the correlation of
ClockProCRC scores with different clinical variables, investigating how the
score varies across patient subgroups with distinct clinical characteristics.
Furthermore, we validated the dynamic changes of the ClockProCRC score
across different stages of CRC progression and treatment in four clinical
cohorts, further examining its relationship with disease progression and
treatment sensitivity.

Single-cell RNA data analysis
We explored the molecular phenotype of the ClockProCRC score using the
Singscore algorithm64. The core computation of the algorithm can be
summarized in two steps: (1) calculating the gene ranks within each sample;
(2) using these ranks to calculate a genomic score. The results yield two
values: the score and the dispersion. The score represents the median
expression of all genes in the genome relative to all measured genes. Dis-
persion measures the coordination of gene expression within the feature.
We calculated the ratio of observed to expected cell counts (Ro/e) for each
cell type in different groups to quantify the preferences of each cell type.

The Nonlinear Interactions and Communication Heterogeneity in
Extracellular Signals (NICHES) framework was applied to the anno-
tated single-cell transcriptomic data to infer ligand-receptor signaling
at single-cell resolution72. Briefly, normalized expression matrices and
cell-type annotations were used as input to construct sender-receiver
signaling maps across major cell populations. NICHES-transformed
signaling matrices were then used to compare intercellular commu-
nication patterns between ClockProCRC Intensify and Alleviate states,
thereby enabling downstream visualization of signaling heterogeneity
and network differences. Default ligand-receptor reference settings
were used, and signaling outputs were summarized at the cell-type level
for downstream heatmap and network analyses.

Construction of the circadian rhythm gene regulation
network (GRN)
To comprehensively understand the key regulatory role of CRD genes
in CRC initiation and progression, we constructed a regulatory network
analysis based on CRD genes using the Dysregsig software package73.
We utilized transcription factor binding site prediction tools and
transcription factor motif data to assess the regulatory strength of each
gene pair from the key modules of CRD genes identified in a CRC
single-cell cohort. A gene regulatory network was then constructed. The
network analysis algorithm was employed to evaluate the centrality of
each gene within the network and quantify the regulatory strength
between genes, selecting significantly dysregulated genes with a
threshold of P < 0.05. Using a genetic algorithm, we evaluated the fre-
quency of occurrence of each potential regulatory axis in individuals
after 100 iterations as a quantitative indicator of robustness to identify
key dysregulated axes promoting CRC development. This approach
allowed for an in-depth exploration of the pathological processes and
regulatory mechanisms of circadian rhythm genes in CRC progression.
For the screened key gene dysregulation axis, GO enrichment analysis
was conducted using the clusterProfiler package, significantly enriched
items were corrected for multiple testing using the B–H method, and
adjusted p value < 0.05 was used as the significance threshold. Gene Set
Enrichment Analysis (GSEA) was performed using Hallmark gene sets

from theMSigDB database and is calculated using the fgsea algorithm74.
All genes were sorted according to SYNE1-related expression changes,
and the enrichment score (ES) and its statistical significance were cal-
culated. FDR-adjusted p value < 0.05 was also used as the screening
criterion for significant pathways.

Cell lines
HCT116cells andSW480cellswereboth fromtheShanghaiCellBankof the
Chinese Academy of Sciences (Shanghai, China). HCT116 and SW480 cells
were cultured in DMEM/high sugar (Gibco, Carlsbad, CA, USA). All cells
were cultured at 37 °C and 5% CO2 supplemented with 10% fetal bovine
serum (Clark Bioscience, Richmond, Virginia, USA).

Cell transfection with siRNA and plasmids
The siRNAs were mixed with Lipofectamine 3000 (Thermo Fisher Sci-
entific, Carlsbad, CA, USA), incubated in DMEM, and then transduced
into HCT116 and SW480 cells, and the solution was changed after 6-8 h.
siRNA-NC (siN0000001-1-5) targetingCLOCK (si-CLOCK, stB0000881-
1-2) and siRNAs-SYNE1 (stB0008815A-1-5 and stB0008815B-1-5) with
scrambled siRNAs as negative controls were purchased from Guangzhou
Ruibo Biological Co. To assess CLOCK and SYNE1 gene silencing under
circadian restoration, cells were treatedwith 0.1 mMmelatonin (Cat#HY-
B0075, MedChemExpress) dissolved in DMSO (final DMSO < 0.1%) for
24 h before RNA collection. Total RNA from all experimental conditions
was submitted to Novogene (Beijing, China) for RNA sequencing. Gene
silencing was achieved using short interfering RNAs (siRNAs) targeting
CLOCK (si-CLOCK) or SYNE1 (si-SYNE1), with scrambled siRNAs as
negative controls (si-NC), all synthesized by RiboBio (Guangz-
hou, China).

Bulk RNA-seq
Total RNA was isolated from CRC cell lines using the TRIzol reagent
(Cat#15596026, Thermo Fisher, USA) following the manufacturer’s pro-
tocol. The quality of RNA was evaluated with the Bioanalyzer 2100 system
(Agilent Technologies, USA), and its purity was determined by measuring
absorbance using a NanoDrop 2000 spectrophotometer (Thermo Fisher,
USA). Only RNA samples with an OD260/280 ratio ≥1.9 and an RNA
Integrity Number (RIN) ≥ 7.0 were included for downstream procedures.
FormRNAenrichment, oligo(dT)magnetic beadswere employed, followed
by synthesis of double-stranded complementary DNA (cDNA) using
Superscript II reverse transcriptase (Invitrogen, USA). Fragmentation of
cDNA and subsequent library preparation were carried out using the
NEBNextUltraRNALibraryPrepKit (NewEnglandBiolabs,USA). Paired-
end sequencing (150 bp) was performed on the Illumina NovaSeq 6000
platform by Novogene Co., Ltd (Beijing, China).

Total RNA isolation, reverse transcription, and quantitative real-
time PCR (qRT-PCR)
Total RNAwas isolated from cells and tissues using RNAiso Plus (Takara,
Dalian, China). 1 μg of total RNAwas reverse transcribed to cDNAusing a
reverse transcription kit manufactured by Takara, after the concentration
and purity of the total RNA were determined using NanoDrop2000
(Thermo Fisher Scientifc, Carlsbad, CA, USA). After identifying the
concentration and purity of total RNA, 1 μg of total RNA was reverse
transcribed to cDNA using the Reverse Transcription Kit from Takara.
qRT-PCR was performed using the Hieff qPCR SYBR Green Master Mix
kit (Yeasen, Shanghai, China) according to the manufacturer’s instruc-
tions. Each assay was repeated three times under the following reaction
conditions:

(1) Pre-denaturation: 95 °C for 5min of continuous heating; (2) PCR
reaction: 95 °C for 10 s, 60 °C for 30 s; (3) Drawing of lysis curves, 95 °C for
15 s, 60 °C for 60 s, 95 °C for 15 s. The test was terminated after 40 cycles. At
the end of the reaction, the PCR products were collected and stored tem-
porarily in a refrigerator at -20 °C for subsequent nucleic acid electro-
phoresis. The primer sequences were:
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Gene Forward (5’- to 3’-) Reverse (5’ to 3’-)

SYNE1CLOCK ACCTCCAATGGTGGTG-
GACCGACGAGAACUUGG-
CAUUGAATTH

CGTGCCAATGTTAGC-
CACA
UUCAAUGCCAAGUUCUC-
GUCGTT

GAPDH AACGGATTTGGTCG-
TATTGG

TTGATTTTGGAGG-
GATCTCG

Relative quantification of RNA for the SYNE1 and CLOCK genes was
calculated by the 2�ΔΔCt method, and all datawere analyzed andnormalized
to GAPDH.

Transwell assay and scratch assay
Transwell assays were performed to evaluate the migratory and invasive
capacities of colorectal cancer cells. For migration assays, 5×105 modified
HCT116 and SW480 cells were seeded into Transwell inserts with 8-μm
poremembranes (Corning,NY,USA). For invasion assays, insertswere pre-
coated withMatrigel (Corning, NY, USA) before cell seeding. After 36-72 h
incubation, non-migrated/non-invaded cells on the upper membrane sur-
face were gently removed, and cells on the lower surface were fixed and
stainedwithGiemsa stain (Solarbio, Beijing,China). Forquantification, four
randommicroscopicfields per insertwere photographed and counted. Each
experiment was performed in three independent biological replicates.
Quantitative results are presented as mean ± SD of the averaged cell counts
from the independent experiments.

For the scratchassay, after knockingdown the expressionof theSYNE1
gene, cells were digested with trypsin and counted. 1 × 105 cells/well were
planted into 12-well plates, and after being adhered to the wall, serum-free
medium was changed, and a ‘ten’ was scratched out with a white lance tip,
and photographed and recorded as 0 h. The cells were photographed again
after 24 h of incubation and observed for cell healing.

Western blot analysis
To verify whether the SYNE1 gene further promotes distant metastasis
through impaired epithelial mucosal proteins and barrier function, given
that epithelial barrier integrity and epithelial-mesenchymal transition
represent the most direct phenotypes of this process, we designated N-
cadherin, E-cadherin, andZO-1 as protein validationmarkers. Total protein
was obtained by lysing cells and centrifuging tissue samples on ice using
RIPA buffer containing protease and phosphatase inhibitors, and homo-
genized using the BCA kit (Beyotime, Shanghai, China). Denaturation by
heating. SDS-PAGE gels were assembled at appropriate percentages
according to the expected protein size range. The gels were run at a constant
voltage of 100 Vuntil the proteinswere adequately separated. The separated
proteins were transferred from the gel to a PVDF membrane (Millipore,
MA, USA) using a wet transfer system. After blocking with a fast blocking
solution, the membrane was blocked with ZO-1 (1:5000) (Proteintech,
Wuhan, China), E-cadherin (1:20000) (Proteintech, Wuhan, China),
N-cadherin (1:5000) (Proteintech, Wuhan, China), with SYNE1 (1: 3000)
(Abcam, Cambridge, UK) and GAPDH primary antibody (1:5000) (Pro-
teintech, Wuhan, China) were hybridized overnight, washed with TBST,
and then hybridized with the secondary antibody for 1 h at 37 °C, washed
again with TBST and exposed. The membrane was incubated with the
secondary antibody attached to HRP for 1 h in blocking buffer. Enhanced
chemiluminescence reagent (Millipore, MA, USA) was used to visualize
protein bands. Protein banding signals were captured using a chemilumi-
nescent imaging system.

Cell cloning formation experiment
Cell clone formation assay to detect the proliferative ability of the SYNE1
gene on colorectal tumor cells in vitro. After cell collection, the cells were
diluted into a low concentration of cell suspension bymedium according to
the number of cells, and an appropriate amount of cell suspension (1000
cells/per well) was aspirated and transferred to the culture wells of a 12-well
plate, and freshmediumwas added to reach a volume of 1.5 mL ofmedium

in eachwell. The platewas thenplaced in an incubator for 7-10 days, and the
medium was aspirated as much as possible, washed with PBS solution, and
fixed with 4% paraformaldehyde for 30min. The cells were fixed with 4%
paraformaldehyde for 30min, then washed with PBS, and 500 μL of crystal
violet (concentration: 1%) was added to each well and stained at room
temperature for 30min. The cells were then aspirated as much as possible,
washed twicewith PBS, and inverted onto filter paper to dry. Finally, the 12-
well plate was placed on top of a white A4 paper to capture images.

Statistical analysis
All data processing, statistical analysis, and graphing were performed in R
software (version 4.3.3). Comparisons between groups of categorical vari-
ables were performed using the chi-square test. Comparisons between
groups of continuous variables were conducted using the Wilcoxon rank
sum test or t-test. For correlation analysis, Spearman’s correlation analysis
was used to assess the relationship between two categorical variables or
between a categorical variable and a continuous variable. Pearson’s corre-
lation analysis was used to assess the relationship between two continuous
variables. The Kruskal-Wallis test was employed for comparing multiple
groups of continuous variables. All analyses involving multiple significance
tests were FDR-corrected using the B-H method, as precious study. All
statistical tests were two-sided, andP < 0.05 indicated statistically significant
differences.

Data availability
All the data come from the GEO database hosted by the National Bio-
technology Information Center (http://www.ncbi.nlm.nih.gov/geo/), and
are processed and analyzed in strict accordance with relevant guidelines to
ensure that the privacy and rights of any participant are not infringed.

Code availability
Essential original scripts for implementing the ClockProCRC system in this
work are available through the GitHub website (https://github.com/
DrZoggg/ClockProCRC).
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