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Abstract: Colorectal cancer (CRC) is a common malignancy in clinical practice, and its treatment is greatly chal-
lenged by tumor heterogeneity. The most prominent features of CRC heterogeneity are differences in metabolic
states and genomic instability, which ultimately lead to unfavorable clinical outcomes. Based on this, the present
study aimed to investigate the association between metabolic reprogramming and copy number variation (CNV) in
CRC using single-cell datasets. By integrating four publicly available single-cell RNA sequencing datasets, a com-
prehensive single-cell atlas of CRC was constructed. Subsequently, epithelial cells were specifically analyzed, and
consensus non-negative matrix factorization (c(NMF) was applied to identify six gene expression programs, covering
functional modules such as cell cycle, metabolism, inflammatory stress, and immune interaction. Genomic instabil-
ity was assessed using the inference of copy number variations (InferCNV) analytical tool, which identified malignant
epithelial cells characterized by large-scale CNVs. Meanwhile, metabolic pathway activity at the single-cell level was
evaluated using the area under the curve cell (AUCell) method, and predictive performance was further assessed
using machine learning algorithms. The results demonstrated that metabolic features could effectively predict the
malignant state defined by CNVs, achieving an area under the curve (AUC) of 0.985, with protein metabolism and
TP53-related pathways contributing most significantly. Further integrative analysis identified 13 metabolism-related
genes associated with clinical prognosis, among which UBXN1 was identified as a central node in the protein-protein
interaction network. Functional analysis of UBXN1 revealed that it suppresses the NF-kB signaling pathway, thereby
regulating the malignant phenotype of CRC cells. In conclusion, this study systematically elucidates the critical link
between metabolic features and genomic instability in CRC, suggesting that UBXN1 may serve as a potential thera-
peutic target.
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Introduction poor [3]. A major underlying reason is tumor
heterogeneity, which poses a significant chal-
lenge to current treatment approaches. This

heterogeneity is manifested at multiple levels,

Colorectal cancer (CRC) is currently one of the
most common malignancies worldwide, with

persistently high incidence and mortality rates
each year [1, 2]. The standard therapeutic str-
ategies for CRC include surgical resection, che-
motherapy, and targeted immunotherapy. How-
ever, once the disease progresses to an ad-
vanced stage, the prognosis remains extremely

including both genetic and phenotypic varia-
tions [4, 5]. Therefore, an in-depth understand-
ing of tumor heterogeneity is essential for over-
coming the therapeutic challenges associated
with CRC. Genomic instability represents a key
feature of heterogeneity in CRC, leading to
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large-scale copy number variations (CNVs).
Differentially expressed genes driven by these
genomic alterations play critical roles in the ini-
tiation and progression of CRC [6, 7]. In addi-
tion, chromosomal amplifications and deletions
are pivotal events in cancer development, as
they can activate oncogenes and inactivate tu-
mor suppressor genes, thereby promoting the
formation of malignant phenotypes [8, 9]. Be-
yond genomic alterations, phenotypic variation
is another crucial component of tumor hetero-
geneity [10]. These phenotypic characteristics
include functional processes such as metabol-
ic reprogramming, inflammatory signaling, and
stress responses. Together with genomic insta-
bility, they contribute to tumor heterogeneity
and enhance malignant behaviors, ultimately
resulting in therapeutic resistance and clinical
challenges [11, 12]. Metabolic reprogramming
refers to a global alteration of metabolic net-
works in tumor cells in response to environ-
mental and cellular stress [13, 14]. As a hall-
mark of cancer, it enables cancer cells to rap-
idly generate energy and biosynthetic precur-
sors, while also regulating redox balance, mac-
romolecule synthesis, immune evasion, and re-
sistance to therapy [15-18]. In CRC, dysregu-
lated glucose, lipid, and protein metabolism is
linked to disease progression and poor outco-
mes [19-22]. However, the relationship be-
tween metabolic pathway activity and genomic
instability at the single-cell level is not well
understood. Single-cell RNA sequencing
(scRNA-seq) provides high-resolution analysis
of tumor heterogeneity, allowing precise identi-
fication of malignant and non-malignant cell
populations in the tumor microenvironment
[23-25]. Recent CRC scRNA-seq studies have
found diverse epithelial cell states and func-
tional programs, but systematic integration of
metabolic pathway activity with CNV-derived
malignancy indices across large patient co-
horts is limited [26, 27]. In this study, we inte-
grated multiple high-quality public scRNA-seq
datasets to create a comprehensive CRC sin-
gle-cell atlas. By employing consensus non-
negative matrix factorization (cNMF) for gene
program identification, inference of copy
number variations (inferCNV) for malignancy
assessment, area under the curve cell (AUCell)
for evaluating metabolic pathway activity, and
machine learning modeling, we conducted a
comprehensive analysis of the relationship
between metabolic reprogramming and genom-
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ic instability. We further found prognostic meta-
bolic driver genes and experimentally confirmed
the oncogenic role of UBXN1 by regulating the
NF-kB signaling pathway. So, our findings show
a framework linking metabolism, genomic in-
stability, and malignant progression in CRC.

Materials and methods

Data acquisition and preprocessing of single-
cell RNA-seq datasets

From the public repositories, like Gene Expres-
sion Omnibus (GEO) and Array Express, we
obtained the scRNA-seq data for CRC and ma-
tched non-malignant tissues. The raw count
matrices, along with their corresponding meta-
data - including sample type, patient ID, seq-
uencing platform, and library preparation proto-
col - were obtained through repository-specific
tools or R/Bioconductor packages. Only datas-
ets that have clear clinical/pathological anno-
tations and enough cell numbers were includ-
ed, according to the current best practices for
scRNA-seq data reuse.

Quality control of single-cell transcriptomes

Initial quality control (QC) was conducted at
both cell and gene levels. Cells of low quality or
those undergoing cell death were eliminated
based on criteria including extremely low co-
unts of detected genes or unique molecular
identifiers (UMls), as well as abnormally high
proportions of mitochondrial transcripts. Gen-
es present in only a minor proportion of cells
were excluded to minimize sparsity and noise
[28]. QC thresholds were established based on
the distribution of each metric within individual
datasets, adhering to established guidelines
for scRNA-seq analysis, thereby retaing rare yet
biologically significant cell populations.

Identification and removal of doublets

To minimize artifacts caused by doublets (drop-
lets encapsulating multiple cells), computation-
al doublet detection was performed prior to
downstream analysis [29]. For each sample,
potential doublets were independently identi-
fied using either Scrublet or DoubletFinder. The-
se methods produce simulated doublets by
analyzing observed transcriptomes and then
score real cells by comparing them to synthetic
profiles. Cells that exceed an empirically deter-
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mined threshold (according to bimodal score
distribution) were removed as doublets. For
each batch, doublet detection was done sepa-
rately to prevent distortions due to sample
composition differences.

Integration of multiple samples and batch ef-
fect correction

After performing QC and removing the doublet,
the expression matrices from individual sam-
ples were normalized and integrated to account
for batch effects caused by patient, tissue, or
technical variations [30]. Integration was done
using Seurat’s anchor-based framework, which
identifies biologically similar cells across sam-
ples (“anchors”) and harmonizes datasets in a
shared low-dimensional space. The integrated
object supported joint dimensionality reduc-
tion, visualization, and clustering. This approa-
ch allowed direct comparison of cell states
across different patients and conditions. It also
preserved true biological differences.

Unsupervised clustering and cell-type annota-
tion

The integrated expression matrix underwent
principal component analysis (PCA), followed by
the construction of a shared nearest neighbor
(SNN) graph using the top principal compo-
nents. Using graph-based community detection
methods, cells were partitioned into transcrip-
tionally homogeneous clusters and subsequ-
ently characterized with feature markers. The
annotated clusters were then compared aga-
inst relevant entries in the literature and public
atlases. Further annotation of cellular subpop-
ulations was performed to distinguish and clas-
sify the associated subtypes. We used auto-
mated annotation tools to support these labels.
We also referred to published CRC single-cell
datasets to improve annotation accuracy.

Consensus non-negative matrix factorization to
infer gene expression programs

We used cNMF to analyze recurrent transcrip-
tional programs in both malignant and non-
malignant cells. We applied this method to the
normalized count matrix. This method decom-
poses the data into gene expression programs
and their usage in each cell. We repeated the
analysis multiple times and combined the re-
sults to obtain stable and reproducible compo-

2676

nents. We defined each program by its top-
weighted genes. We then performed pathway
and functional annotation analyses. This app-
roach helped distinguish cell identity programs
from context-dependent activities, such as pro-
liferation, stress response, and metabolic re-
wiring in CRC.

Inference of copy number variation from
SCRNA-seq using inferCNV

We used the inferCNV package to infer large-
scale CNVs from scRNA-seq data. This approa-
ch allowed us to distinguish malignant epitheli-
al cells from normal cells. It also enabled the
assessment of intratumoral heterogeneity. We
divided epithelial cells into two populations:
potential “tumor” cells and “reference” cells.

Gene expression values were arranged accord-
ing to chromosomal coordinates, smoothed wi-
thin genomic windows, and then compared to
reference cells. This comparison facilitated the
inference of chromosomal gains and losses,
with optional refinement through a hidden Mar-
kov model [31]. Cells displaying widespread
CNV patterns characteristic of malignancy were
identified as tumor cells, whereas epithelial
cells without CNV alterations were deemed
non-malignant.

Quantification of gene set activity at single-cell
resolution using AUCell

The AUCell algorithm was employed to assess
pathway and gene-signature activity within indi-
vidual cells, assigning scores based on the
enrichment of predefined gene sets relative to
ranked gene expression levels. AUCell first con-
structs per-cell gene rankings based on the
expression matrix, and then calculates an area
under the curve (AUC) score that quantifies the
proportion of genes from a specific set among
the top-ranked genes in each cell. The AUC dis-
tributions identified various cell populations
that exhibit active oncogenic, metabolic, or
immune-related traits, allowing for the compari-
son between malignant and non-malignant cell
compartments.

Acquisition of bulk transcriptomic and clinical
data from TCGA

Bulk RNA-seq and clinical data for CRC were
acquired from The Cancer Genome Atlas (TCGA)
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Table 1. Primers for quantitative real-time PCR analysis

were subcultured for experi-

Name Coding Anticoding

mental purposes.

IL-8 GAGTGATTGAGAGTGGACCACACT AGACAGAGCTCTCTTCCATCAGAAA
GTGCAGTTCAGTGATCGTACAGG
ATGGGCTACAGGCTTGTCACTC
CCCACACTGCCACCATACTT
AGAGGCAGGGATGATGTTC

IL1B  CCACAGACCTTCCAGGAGAATG
TNF-o0  CTCTTCTGCCTGCTGCACTTTG
UBXN1 AAGAGTTGTCAGCAGCACGA
GADPH TGCACCACCAACTGCTTAG

Reagents

The design and synthesis of
all siRNAs and plasmids were
carried out by OBIO Biote-

Table 2. The sequences of siRNAs

Target Sequences

siRNA-control S: UUCUCCGAACGUGUCACGUTT
AS: ACGUGACACGUUCGGAGAATT

siRNA-UBXN1 S: GCUGACGGCUCUUGAGAGUTT
AS: ACUCUCAAGAGCCGUCAGCTT

F: ATGGCGGAGCTGACGGCTCT
R: TCACAAAGCCCCTTCTCTTTGCAT

OE-UBXN1

through the Genomic Data Commons (GDC)
portal. We obtained Level 3/4 harmonized gene
expression data (either HTSeq counts or FPKM)
for colon adenocarcinoma (TCGA-COAD) and
rectal adenocarcinoma (TCGA-READ), along wi-
th the corresponding clinical and survival infor-
mation, via GDC data transfer tools or dedicat-
ed R packages. We merged and re-annotated
the samples to create a unified CRC cohort.

Construction of protein-protein interaction
networks and identification of hub genes

Protein-protein interaction (PPIl) networks were
constructed using the STRING database. The
target gene was submitted to the database
with the species specified as “Homo sapiens”,
and only interactions with high confidence were
retained. The resulting network data were then
imported into Cytoscape for visualization and
topological analysis, with key topological prop-
erties such as node degree, betweenness cen-
trality, and clustering coefficient calculated.
Finally, based on higher centrality or node
degree metrics, potential hub genes were iden-
tified for further investigation.

Cell culture

The CRC cell lines HCT16 and SW480, which
are confirmed to be mycoplasma-free, were cul-
tivated in high-glucose DMEM with serum. Cells
were kept at 37°C in a 5% CO, incubator, and
the medium was refreshed every 48 hours.
After reaching 80% of the confluence, cells
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chnology Co., Ltd. (Shanghai,
China). Antibodies p-NF-kB
(ab8629), NF-kB (ab16502), GADPH (abl8-
1602), and UBXN1 (ab151723) were acquired
from Abcam (Cambridge, UK). RT-PCR primers
were purchased from RiboBio (Guangzhou,
China). Transwell inserts (354480) and Matri-
gel were obtained from Corning Inc., and the
apoptosis detection kit (BL110A) was pur-
chased from BioSharp Biotechnology. Thermo
Fisher Scientific purchased Lipofectamine™
20 (168019). Tables 1 and 2 contain detailed
information about primers for RT-gPCR and
transfection.

Transfection

Cells were seeded in culture plates or dishes
and grown to 50-70% confluency at the time of
transfection. For the transfection mixture, 1-4
pug DNA was diluted in Opti-MEM in a sterile
1.5-ml tube, while Lipofectamine 2000 was
separately diluted in Opti-MEM (typically 1:50).
The diluted solutions were combined, gently
mixed, and incubated at room temperature for
5-10 min to allow formation of DNA-Lipo-
fectamine complexes. The culture medium was
replaced with fresh Opti-MEM, and the com-
plexes were added to the cells. Cells were incu-
bated at 37°C in a CO, incubator for 4-6 h. The
transfection mixture was then removed and
replaced with complete medium to allow recov-
ery and normal growth.

RNA extraction and RT-gPCR

Total RNA was extracted using TRIzol reagent
(Invitrogen). One microgram of total RNA was
reverse transcribed into cDNA using the HiS-
cript lll First-Strand cDNA Synthesis Kit accord-
ing to the manufacturer’s instructions. Quan-
titative PCR was performed with ChamQ SYBR
gPCR Master Mix on a LightCycler 480 systemt.
Gene expression levels were normalized to
GAPDH expression in the same reaction.

Western blot

Cells were lysed with RIPA buffer (Beyotime
Biotechnology, China). Protein concentration
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was determined using a BCA assay kit (Beijing
Biological Technology). A total of 50 ug of pro-
tein was separated on 10% SDS-PAGE and
transferred to a nitrocellulose membrane (EMD
Millipore). Membranes were blocked with 5%
BSA and washed three times with PBS, fol-
lowed by incubation with primary antibodies
overnight at 4°C. After washing with PBS, mem-
branes were incubated with H&L secondary
antibodies for 1 h at room temperature. Protein
bands were detected using a Thermo Fisher
ECL substrate kit. Band intensity was semi-
quantified using Image-Pro Plus software (v6.0;
Media Cybernetics).

Clonogenic assay

Cells were seed at low density and then allowed
to attach overnight. After the treatment, cells
were incubated for a long time to enable colony
formation. Colonies were fixed with paraformal-
dehyde, stained with crystal violet, and count-
ed manually to evaluate clonogenic survival.

Transwell

Cells were seed in Transwell inserts with serum-
free medium. Adding medium with chemoat-
tractants to the lower chamber induced migra-
tion. After the incubation process, non-migrated
cells were removed, and then migrated cells
were fixed and stained with crystal violet. For
invasion assays, inserts were pre-coated with
Matrigel, and other procedures were kept the
same. Migrated cells were analyzed using a
microscope.

Cell apoptosis assay

Cells were collected in EP tubes, then washed
with PBS, and resuspended in incubation buf-
fer. They were stained with 5 yL Annexin V-FITC/
Pl using apoptosis detection kit (Biosharp,
159045, China) for 15 minutes. After three
washes, cells were analyzed with flow cytome-
try. FlowJo software was utilized to compute the
apoptotic rate.

Results
Construction of CRC single-cell atlas
The study analyzed four single-cell transcrip-

tomic cohorts from the GEO database, which is
a widely used database to characterize the cel-
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lular composition of CRC tumor microenviron-
ment: GSE132465, GSE14735, GSE178318,
and GSE178341. The datasets comprise pri-
mary tumors, liver metases, and CRC samples
gathered under varied treatment conditions.
These datasets have facilitated the develop-
ment of CRC single-cell atlases and the explo-
ration of tumor microenvironment remodeling.
During quality control, the datas removed low-
quality cells, cells with unusually high mito-
chondrial gene expression, and doublets. After
filtering, we retained 499,079 high-quality cells
and 26,745 genes for further analysis.

Because the datasets were created with vari-
ous sequencing platforms, sample loading
methods, and preprocessing procedures, direct
merging might cause a lot of batch effects that
affect clustering accuracy and downstream
analyses. To tackle this problem, we employed
a multi-sample integration framework rooted
in scVI, which utilizes conditional variational
autoencoders (conditional VAE) to analyze and
regress batch effects in the latent space while
maintaing the biological variation present. The
integrated data demonstrated a strong mixing
and separation effect in a single UMAP space,
allowing the identification of several transcrip-
tionally distinct clusters via Leiden clustering
(Figure 1A). In the integrated embedding spa-
ce, classical marker genes like EPCAM,
KRT8/19, CD3D, CD3E, CD8A, LYZ, LST1,
S100A8/S100A9, MS4A1, MZB1, LUM, and
DCN were analyzed via UMAP expression pat-
terns (Figure 1B-E) and a marker-cell type dot
plot (Figure 1F) to guide biological annotation
of each cluster. Cells were finally categorized
into seven main groups: T cells, Natural Killer
cells (NK cells), B cells, plasma cells, myeloid
cells, fibroblasts/cancer-associated fibroblasts
(fibroblast/CAF), endothelial cells, and epitheli-
al cells (Figure 1G). In the integrated CRC sin-
gle-cell atlas, T/NK cells and myeloid cells are
the main immune populations, flowed by tumor
epithelial cells. The distribution of these seven
cell types remained consistent across all data-
sets (Figure 1H), closely aligning with lineage
distributions observed in recent single-cell and
spatial transcriptomics studies of CRC [32].
These findings show that the CRC tumor micro-
environment contains diverse immune cell pop-
ulations. They also reveal a highly heteroge-
neous population of malignant epithelial cells.
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Figure 1. Construction method of the single-cell atlas of colorectal cancer (CRC). (A) Uniform Manifold Approximation
and Projection (UMAP) distribution of integrated single-cell transcriptomic datasets from all four colorectal cancer
studies, colored by unsupervised Leiden clustering. (B-E) Expression distribution of canonical lineage markers in
UMAP space. CD8A and CD3D are highly expressed in the T/NK cell population (B, E), EPCAM is highly expressed in
epithelial/tumor epithelial cells (C), and differential co-expression network (DCN) is highly expressed in fibroblasts/
cancer-associated fibroblasts (D). (F) Dot plot of classical marker genes for seven major cell types, including B cells,
endothelial cells, epithelial cells, fibroblasts/CAF, myeloid cells, plasma cells, and T/NK cells. The size of the dots
represents the proportion of cells expressing the gene within that cell type, and the color intensity indicates the
average expression level. (G) UMAP colored and annotated by finalized cell types, showing well-separated clusters
including T/NK cells, B cells, plasma cells, myeloid cells, epithelial cells, fibroblasts/CAF, and endothelial cells. (H)
The stacked bar chart shows cell composition across GEO datasets (GSE132465, GSE144735, GSE178318, and

2679 Am J Transl Res 2026;18(3):2674-2692



UBXN1-NF-kB axis drives CRC progression

GSE178341). Each bar represents the proportion of major cell types within a dataset. The chart indicates that the
overall cellular composition remains consistent across different cohorts, with T/NK cells, myeloid cells, and epithe-

lial cells constituting the predominant populations.

Construction of gene expression programs in
epithelial cells

In colorectal cancer, when excluding the influ-
ence of stromal cells, epithelial cells are con-
sidered the primary cellular source for the de-
velopment of malignant phenotypes. Therefore,
the gene expression profiles of epithelial cells
currently serve as the main focus for tumor
subtype classification and prognosis-related
studies [33]. Previous single-cell studies have
shown that colorectal cancer epithelial cells
can exhibit multiple functional states, including
stem/progenitor-like states, secretory states,
and others, with each state being associated
with specific patterns of genomic instability. In
this study, we extracted all epithelial cells from
the integrated CRC single-cell atlas and per-
formed preliminary processing using a unified
normalization and batch correction framework
(Figure 2A). Next, we used the cNMF algorithm
to decompose epithelial transcriptional profiles
and identify stable gene expression programs
(GEPs). cNMF performs repeated NMF decom-
position followed by consensus clustering, gen-
erating a robust gene-program matrix and cell-
program “usage” while minimizing the effects
of random initialization. It is widely used to
identify reproducible transcriptional programs
in tumor cells.

At the optimal K value, six major epithelial gene
expression programs were identified (Figure
2B, 2C). These include a “cell cycle module”
enriched in cell cycle-related genes, such as
proliferation markers and DNA replication
genes (Figure 2D); a “metabolic module”
enriched in glycolysis, oxidative phosphoryla-
tion, and amino acid metabolism pathways
(Figure 2E); an “inflammatory stress module”
enriched in NF-kB signaling, inflammatory
mediators, and stress-response genes; and an
“immune interaction module” containing genes
related to antigen processing and presenta-
tion, interferon response, and immune check-
points (Figure 2F). Similar associations be-
tween “gene expression programs and clinical
outcomes” have been reported in CRC and
other tumors, suggesting that tumor epithelial
cells exhibit reproducible functional states [34].
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These findings indicate that the transcriptional
heterogeneity of CRC epithelial cells can be
organized into a limited set of functional gene
expression programs. This framework provides
a basis for integrating genomic CNV and meta-
bolic pathway activity to construct a “malignan-
cy-metabolic characteristics” model in future
studies.

Malignancy assessment and machine learning
modeling based on metabolic pathways

CNV is a significant feature of malignant tu-
mors, and it serves as a standard method for
differentiating malignant from normal epithelial
cells. Previous single-cell CRC studies with
tools like inferCNV have shown that malignant
epithelial cells usually have amplifications or
deletions in chromosomal regions like 5q, 17p,
and 18q, which shows a lot of genomic instabil-
ity [35]. In this study, epithelial cells were inte-
grated with B cells from the tumor microenvi-
ronment into a unified expression matrix, using
B cells as a relatively genomically stable refer-
ence population to infer CNV in CRC epithelial
cells. Compared to B cells, epithelial cells had
significantly higher genome-wide CNV scores
(Figure 3A), with strong chromosomal amplifi-
cations, suggesting greater malignancy and
genomic instability (Figure 3B, 3C).

Metabolic reprogramming is a key feature of
malignant tumors. It supports the high prolifer-
ative requirements of cancer cells and is close-
ly linked to DNA damage repair, redox homeo-
stasis, and immune evasion [36]. To compre-
hensively evaluate the relationship between
metabolic processes and epithelial cell malig-
nancy, this study compiled 301 metabolism-
related signaling pathways from public data-
bases, such as Kyoto Encyclopedia of Genes
and Genomes (KEGG) and Reactome. Then, the
AUCell algorithm was employed to compute
pathway activity scores for individual epithelial
cells. AUCell cells rank genes, and evaluates
the enrichment of a given gene set compared
to highly expressed genes. It is commonly
employed for the assessment of single-cell
pathway activity and is particularly well-suited
for the quantitative analysis of metabolic and
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matrix factorization (cNMF) components. The blue line represents program stability calculated from multiple de-
compositions, and the red line represents reconstruction error. K = 6 was selected as the optimal number of gene
expression programs. C. The same epithelial cell population colored according to the dominant cNMF program. Six
gene expression programs exhibit distinct patterns across different epithelial subpopulations. D. Bubble plot show-
ing the Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment analysis results for Module 2. Module 2 is
significantly enriched in pathways related to the cell cycle, p53 signaling pathway, and RNA processing. E. KEGG
enrichment analysis of Module 4. Module 4 is enriched in pathways such as mineral absorption, nitrogen metabo-
lism, pancreatic secretion, and sulfur metabolism. F. KEGG enrichment analysis of Module 6. Module 6 is enriched
in immune- and inflammation-related pathways, including T cell receptor signaling, cytokine-receptor interaction,

and antigen processing and presentation.
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Figure 3. Evaluation of malignant potential in colorectal cancer epithelial cells based on copy number variation and
metabolic pathway-based machine learning analysis. A. Heatmap of chromosomal copy number variations (CNVs),
with B cells as the reference. The upper panel shows clustered B cells, and the lower panel shows clustered epithe-
lial cells from CRC samples. B. UMAP plot of dimensionally reduced CNV data, colored according to the original cell
types. C. Calibrated UMAP plot based on continuous CNV scores. D. Comparison between CNV_Low and CNV_High
groups based on CNV scores (****P < 0.0001). E. Receiver operating characteristic (ROC) curves of machine
learning models for predicting CNV_High status, including support vector machine with radial basis function kernel
(svmRadial), logistic regression, random forest, AdaBoost, k-nearest neighbors (kknn), and naive Bayes. F. ROC AUC
values and accuracy of different models for predicting CNV_High status.

immune pathways. Using the extent of patient-
level CNV amplification as a measure of malig-
nancy, the CRC patients were categorized into
two groups: those with high CNV amplification
and those with low CNV amplification (Figure
3D). The activity of 301 metabolic pathways
was summarized at the patient level. A variety
of machine learning models, like Random For-
est, AdaBoost, Support Vector Machine, Log-
istic Regression, K-Nearest Neighbors, and Na-
ive Bayes, were developed based on these met-
abolic pathway features to predict the status of
CNV. Model evaluation results indicate a strong
predictive capability, with the model performing
at the highest receiver operating characteristic
(ROC) AUC of 0.985 (Figure 3E). These results
indicate that the metabolic profile of CRC epi-
thelial cells is strongly linked to their genomic
instability and malignancy (Figure 3F). This
finding reinforces the established relationship
between metabolic reprogramming and genom-
ic instability.

Screening of key metabolic pathways and can-
didate driver genes

In the machine learning modeling described
above, the study further compared the predic-
tive contributions of different metabolic path-
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ways. The results showed that the ‘Reactome
Pathways Metabolism of Proteins’ and ‘TP53
Regulates Metabolic Genes’ were the most
important for distinguishing CNV_high from
CNV_low patients (Table 3). The former includ-
es key processes such as protein translation,
folding, modification, and degradation, where-
as the latter reflects transcriptional regulation
of metabolic genes (related to glucose metabo-
lism, lipid metabolism, and redox balance) by
the classical tumor suppressor TP53. The activ-
ity scores of both pathways were significantly
higher in CNV_high patients, suggesting persis-
tent activation of protein metabolism and
p53-mediated metabolic regulation in CRC
with high genomic instability (Figure 4A, 4B).
High-CNV and low-CNV groups were stratified
to identify genes associated with copy number
variation status. Among these, the top five
metabolism-related pathways based on func-
tional enrichment were selected. Genes within
these five pathways were extracted, and their
activity was quantified by calculating the AUC.
In addition, Pearson and Spearman correlation
analyses were performed to evaluate the asso-
ciations between gene expression and CNV
scores. Through these analyses, a total of 220
candidate genes were identified, all of which
exhibited an AUC greater than 0.75 and strong
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Table 3. Candidate data table pathway summary

Feature

auc

auc_abs_dev

rf_importance

high_score_

coef coef_abs auc_for_high towards

Metabolism of Proteins_aucell 0.799935693 0.299935693 0.032305856  1.612579857 1.612579857 0.799935693 CNV_High
Metabolism_aucell 0.771073928 0.271073928 0.030490545 -0.651865622 0.651865622 0.771073928 CNV_High
TP53 Regulates Metabolic Genes_aucell 0.766447048 0.266447048 0.041920806 0.822582581 0.822582581 0.766447048 CNV_High
Metabolism of Nitric Oxide NOS3 Activation and Regulation_aucell 0.704170584 0.204170584 0.015699638 0.60691555 0.60691555 0.704170584 CNV_High
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Figure 4. Metabolic programs linked to CNV status and identification of candidate prognostic genes in protein me-
tabolism. (A) Scatter plot of gene set scores in epithelial cells from the CNV_Low and CNV_High groups, based on
AUCell analysis of the Reactome “Metabolism of Proteins” pathway (****P < 0.0001). (B) Scatter plot of gene set
scores in epithelial cells from the CNV_Low and CNV_High groups, based on the “TP53-regulated metabolic genes”
pathway (****P < 0.0001). (C) Venn diagram showing the overlap between all genes in the “Metabolism of Pro-
teins” pathway (n = 1,919) and the candidate gene set (n = 220) identified through machine learning and CNV score
correlation analysis. (D) Protein-protein interaction (PPI) network of 13 key genes selected from 148 genes based on
prognostic data from the TCGA COAD/READ cohort. The genes in the network include PSMD4, UBXNZ1, DDOST, and
PSMAb5, among others. (E, F). Kaplan-Meier curves of overall survival for patients in the TCGA COAD/READ cohort
segmented byUBXN1 (F) and PSMD4 (E) expression levels (median grouping, each group n = 68), set 95% confi-
dence interval, showing significant differences in overall survival between high and low expression groups (UBXN1
log-rank P = 0.038; PSMD4 log-rank P = 0.35), further supporting the close link between protein metabolism-related

genes and CRC prognosis.
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correlations with CNV scores as indicated by
both Pearson and Spearman coefficients. The-
se 220 genes were therefore defined as key
genes associated with genomic instability in
CRC. Subsequently, the intersection between
these 220 genes and genes related to the pro-
tein metabolism pathway was determined, yie-
Iding 148 overlapping genes (Figure 4C).

Functional enrichment analysis of the 148
genes revealed that they were primarily associ-
ated with pathways related to the ubiquitin-pro-
teasome system, protein processing and deg-
radation, and endoplasmic reticulum stress.
These pathways are highly consistent with the
biological characteristics of tumor cells, which
adapt to rapid proliferation and external stress
by enhancing protein turnover. To assess their
clinical relevance, we combined the colon can-
cer (COAD) and rectal cancer (READ) cohorts
from TCGA. We analyzed the expression of the
148 genes in relation to overall survival in CRC
patients. This analysis identified 13 genes that
were significantly associated with prognosis
(Table 4). A PPl network constructed from the-
se 13 genes showed that PSMD4 and UBXN1
occupy central positions with high connectivity
(Figure 4D-F). PSMDA4 is a ubiquitin receptor
subunit of the 26S proteasome regulatory par-
ticle that recognizes ubiquitinated substrates
and has been reported to promote malignhant
progression and drug resistance in several can-
cers. In CRC, PSMD4 may serve as a potential
target for inhibiting tumor invasiveness and
improving prognosis in patients with altered
cNrf2 expression [37]. UBXN1 is a classical
negative regulator of NF-kB. Recent studies
show that in CRC, SUB1 promotes the ubiquiti-
nation and degradation of UBXN1 by increasing
expression of the E3 ubiquitin ligase UBRD5,
thereby sustaining NF-kB signaling and driving
tumor metastasis and malignant progression
[38]. In this cohort, high UBXN1 expression was
significantly associated with poorer survival in
CRC patients. This pattern may reflect a com-
plex regulatory state in which UBXN1 is tran-
scriptionally upregulated but suppressed at the
protein level or functionally by the ubiquitin-
proteasome system, consistent with the report-
ed UBXN1-NF-kB pathway.

UBXN1 inhibits the NF-kB signaling pathway to
promote malignant transformation in CRC

To further investigate the functional role of
UBXN1 in CRC progression, the study per-
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formed overexpression and knockdown experi-
ments in two CRC cell lines, HCT116 and
SW480. Post-infection with siUBXN1 markedly
reduced UBXN1 expression compared with
siNC, whereas transfection with a UBXN1 OE
plasmid significantly increased UBXN1 expres-
sion relative to the empty vector (Figure 5A).
Analysis of the downstream NF-kB pathway
showed that UBXN1 knockdown increased
p-NF-kB protein levels, whereas UBXN1 overex-
pression reduced p-NF-kB expression (Figure
5B), indicating that UBXN1 negatively regulat-
es NF-kB signaling, consistent with previous
reports. Correspondingly, inflammatory factors
were positively correlated with the activation
status of the NF-kB pathway (Figure 5C).

This study also examined the relationship
between UBXN1 expression and the malignant
phenotype of CRC cells. UBXN1 knockdown sig-
nificantly reduced colony formation, migration,
invasion, and anti-apoptotic capacity in HCT-
116 and SW480 cells, whereas UBXN1 overex-
pression markedly enhanced these properties
(Figure 5D-F), supporting the oncogenic role
of UBXN1 in CRC progression. To determine
whether these effects depend on NF-«kB signal-
ing, an NF-kB pathway inhibitor was applied to
UBXN1 KD cell lines. The inhibitor suppress-
ed NF-kB activation in HCT116 cells (Supple-
mentary Figure 1A). The results revealed that
inhibition of the NF-kB signaling pathway
counteracted the suppression of malignant
phenotypes induced by UBXN-1 knockdown
(Supplementary Figure 1B, 1C). This finding
confirmed that the regulatory effect of UBXN-1
on CRC phenotypes is dependent on the NF-kB
signaling pathway.

Discussion

CRC exhibits pronounced intratumoral hetero-
geneity, with persistent genomic instability and
marked metabolic reprogramming being among
its hallmark features [39]. To systematically
elucidate the intrinsic relationship between
these two processes, the present study inte-
grated large-scale single-cell transcriptomic
data and performed functional experimental
validation. The results demonstrated that the
transcriptional heterogeneity of CRC epithelial
cells can be categorized into six stable gene
expression programs, among which metabo-
lism-related programs show the strongest
association with malignant states defined by
copy number variations (CNVs) [40]. By inte-
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Table 4. Correlation between copy number variation (CNV) and area-under-the-curve (AUC) at the

gene level for the first 13 genes

The AUC value of

Correlation between genes and Correlation between genes and

Gene CNV_score under the Pearson cnv_score under the Spearman

gene-predicted CNV

TRAM1 0.784561675
CANX 0.767593825
RAB10 0.755012291
DDOST 0.783653623
MRPL37 0.774735376
PCMT1 0.770322275
CCT2 0.790926129
PSMAS5 0.759778787
PSMB2 0.754337604
PSMD4 0.773775353
GSPT1 0.777922964
TCP1 0.767500247
UBXN1 0.752452855

algorithm algorithm

0.439449235 0.41384412
0.460094767 0.372633186
0.393513141 0.34351339
0.429421661 0.396612254

0.40814547 0.395168445
0.403514401 0.393435421
0.474750003 0.431740035
0.404042525 0.350892311
0.407664636 0.346160305
0.433867627 0.396818915
0.435238051 0.392222214
0.430387518 0.39339189
0.416339941 0.355408553

grating multiple datasets, we constructed a
comprehensive single-cell transcriptomic atlas
of CRC encompassing nearly 500,000 cells.
This atlas not only reveals substantial epithelial
heterogeneity and diverse functional states but
also delineates the potential evolutionary tra-
jectories of tumor cells.

InferCNV-based analysis indicated that malig-
nant epithelial cells universally harbor large-
scale chromosomal structural variations, sug-
gesting that genomic instability is a key driver
of transcriptional diversity. Further single-cell
metabolic pathway activity analysis revealed a
close correlation between the degree of meta-
bolic reprogramming and the level of genomic
instability, implying that metabolic states may
serve as functional indicators reflecting tumor
malignancy. Notably, a machine learning model
constructed solely based on metabolic path-
way activity features effectively distinguished
patients with high CNV from those with low
CNV, further highlighting the critical role of met-
abolic characteristics in representing genomic
stress and tumor aggressiveness.

Among the metabolic pathways analyzed, pro-
tein metabolism and TP53-related pathways
contributed most significantly to the prediction
of malignant states. Protein metabolism sup-
ports rapid cancer cell proliferation and adap-
tation to stress by maintaining proteostasis
[41]. Beyond its classical role in cell cycle regu-
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lation, TP53 also functions as a key regulator of
metabolic reprogramming, coupling genomic
stress signals with metabolic processes such
as glycolysis and oxidative phosphorylation
[42]. Abnormal regulation of the TP53 pathway
may therefore facilitate tumor cell survival and
proliferation under conditions of high genomic
instability.

Through integrative multi-omics analysis and
validation using The Cancer Genome Atlas
(TCGA) cohort, we ultimately identified 13 ge-
nes significantly associated with patient prog-
nosis that were concurrently linked to metabol-
ic dysregulation and CNV status. Within the
protein-protein interaction network construct-
ed from these genes, PSMD4 and UBXN1 were
identified as central hub nodes. PSMD4, a key
component of the 26S proteasome, promotes
tumor progression by regulating the degrada-
tion of tumor suppressor proteins and modulat-
ing NF-kB signaling [43]. UBXN1, as a cofactor
of the p97/VCP complex, is involved in protein
quality control mediated by the ubiquitin-prote-
asome system [44]. Although UBXN1 is gener-
ally considered a negative regulator of NF-kB
signaling [45], our functional experiments re-
vealed that, in CRC, UBXN1 overexpression
suppresses NF-kB phosphorylation while para-
doxically promoting cell proliferation, migration,
invasion, and resistance to apoptosis. This
seemingly contradictory finding suggests that
UBXN1 may exert context-dependent and com-
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Figure 5. UBXN1 suppresses NF-kB signaling pathway to promote colorectal cancer progression. A. In HCT116
and SW480 cells, transfection with siUBXN1 inhibits UBXN1 gene expression, while transfection with UBXN1 OE
(overexpression) enhances UBXN1 expression, two groups were analyzed using the independent samples t-test
statistical method, in addition, Bonferroni correction was applied to all multiple comparisons (P < 0.05, P < 0.01).
B. Expression levels of NF-kB signaling pathway following UBXN1 knockdown and OE. C. Expression levels of inflam-
matory factors IL-8, IL-13, and TNF-« following UBXN1 knockdown and OE, the statistical method was the same as
above (*P < 0.05, **P < 0.01). D. Differences in colony formation ability of HCT116 and SW480 cells after UBXN1
knockdown and OE. E. Differences in migration and invasion capabilities of HCT116 and SW480 cells detected
by Transwell assay following UBXN1 knockdown and OE. F. Differences in anti-apoptotic capacity of HCT116 and

SW480 cells in response to 5-fluorouracil after UBXN1 knockdown and OE.

plex functions through feedback regulation wi-
thin the proteostasis network, consistent with
recent studies implicating UBXN1 in metabolic
stress responses and tumor progression [46,
47]. Nevertheless, several limitations of this
study should be acknowledged. First, although
multiple single-cell datasets were integrated,
the lack of spatial transcriptomic data limits
the ability to resolve direct cell-cell interactions.
Second, the precise regulatory mechanisms
among UBXN1, NF-kB, and TP53-mediated me-
tabolic adaptation require further in vivo va-
lidation.

In summary, this study systematically eluci-
dates the close relationship between meta-
bolic reprogramming and genomic instability in
CRC and provides preliminary evidence that
UBXN1 may serve as a key mediator of this
association and a driver of malignant progres-
sion. These findings underscore the potential
value of targeting protein metabolism, the TP53
pathway, and the ubiquitin-proteasome net-
work in the precise treatment of colorectal
cancer.
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Supplementary Figure 1. UBXN1’s regulation of crc progression is dependent on the NF-«kB signaling pathway. A.
In the HCT116 cell line, the activation of the NF-kB signaling pathway induced by transfection with siUBXN1 can be
reversed by an NF-kB pathway inhibitor. B. Following transfection with siUBXN1, inhibition of the NF-kB pathway with
an inhibitor enhances clonogenic colony formation ability compared to when the NF-kB pathway is activated. C. Fol-
lowing transfection with siUBXNZ1, inhibition of the NF-kB pathway with an inhibitor enhances migration and invasion
capabilities compared to when the NF-kB pathway is activated.



