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Abstract
Background

Colorectal cancer (CRC) is closely linked to dietary and microbial factors. Butyrate, a major gut microbial
metabolite with histone deacetylase-inhibitory and immunomodulatory effects, contributes to epithelial
homeostasis, but the spatial heterogeneity and clinical relevance of butyrate metabolism in CRC remain
unclear.

Methods

Multi-algorithm single-cell metabolic scoring was used to quantify butyrate metabolism and define
tumor epithelial subgroups, which were mapped spatially using cell2location. CellChat, Monocle,
pySCENIC, inferCNV, PROGENYy, and stLearn were applied to characterize lineage states, transcriptional
regulation, signaling activity, and intercellular crosstalk. Ensemble machine learning was used for
prognostic modeling, followed by molecular and functional validation.

Results

We identified malignant epithelial cells with low butyrate metabolism (LowBTAepis), which were
associated with poor prognosis, early pseudotime states, increased stemness and proliferation, and
distinct copy-number variation (CNV) patterns. Spatial analysis revealed preferential interactions
between LowBTAepis and fibroblasts. HOXB8 emerged as a key transcriptional regulator of LowBTAepis.
Sodium butyrate (NaB) suppressed CRC cell proliferation, migration, and invasion in a dose-dependent
manner, accompanied by reduced HOXB8 expression, inhibition of AKT/mTOR signaling, and changes in
apoptosis- and metastasis-related proteins. A butyrate metabolism-related model showed strong
prognostic performance and was associated with an immunosuppressive tumor microenvironment.

Conclusions

LowBTAepis represents an aggressive CRC epithelial state characterized by stromal crosstalk and
malignant transcriptional features. Butyrate may suppress CRC progression partly through the
HOXB8/AKT/mTOR axis, supporting its potential relevance to metabolic intervention and patient
stratification.

1 Background

Colorectal cancer (CRC) is one of the most commonly diagnosed malignancies worldwide and remains
the second leading cause of cancer-related mortality. With 1.9 million new cases and nearly 935,000
deaths reported annually [1], its incidence continues to rise, particularly among younger populations.
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Alarmingly, CRC cases in individuals younger than 50 are projected to increase by approximately 140% by
2030 [2], highlighting the urgent need for enhanced prevention and treatment strategies. Despite
substantial advances in surgery, chemotherapy, targeted therapy, and immunotherapy, the prognosis for
metastatic CRC remains poor, with a 5-year survival rate below 15%, largely because of therapeutic
resistance, disease recurrence, and metastatic progression [3]. CRC is characterized by marked
molecular heterogeneity, including recurrent alterations in APC, KRAS, and TP53, which affect the Wnt/B-
catenin, RAS/MAPK, and p53 signaling pathways, respectively [4-6]. In addition, molecular features such
as microsatellite instability-high (MSI-H), the CpG island methylator phenotype (CIMP), and
chromosomal instability (CIN) are associated with distinct biological behaviors, clinical outcomes, and
treatment responses [7-9]. Given the substantial heterogeneity and limited therapeutic efficacy in
advanced CRC, a deeper understanding of its molecular mechanisms is imperative to identify novel
oncogenic drivers and therapeutic vulnerabilities.

Short-chain fatty acids (SCFAs), pivotal microbial metabolites, are instrumental in preserving intestinal
homeostasis. Among them, butyrate is predominantly synthesized in the colon via bacterial fermentation
of dietary fiber, with Faecalibacterium prausnitzii representing one of the major butyrate-producing
species [10]. Butyrate uptake by colonic epithelial cells occurs through monocarboxylate transporters
(MCT1, SMCT1). It contributes to epithelial barrier integrity and regulates local inflammatory and
immune responses [11]. In addition to its physiological functions, butyrate exerts tumor-suppressive
effects in CRC by inhibiting tumor-cell proliferation and inducing apoptosis. These effects are mediated
through histone deacetylase (HDAC) inhibition, ERK modulation, and metabolic reprogramming,
collectively orchestrating a shift toward tumor suppression [12, 13]. The context-dependent effects of
butyrate on normal and malignant colonic epithelial cells are commonly referred to as the butyrate
paradox. Differentiated colonic epithelial cells efficiently oxidize butyrate as an energy substrate,
whereas CRC cells preferentially depend on aerobic glycolysis. Consequently, butyrate is less efficiently
metabolized in CRC cells and accumulates in the nucleus, where it inhibits HDAC activity and promotes
cell-cycle arrest and apoptosis [12]. Previous studies have also suggested that butyrate may enhance the
antitumor effects of irinotecan, 5-fluorouracil, and radiotherapy and may alleviate chemotherapy-
associated intestinal mucosal injury [14, 15].

Our study unveils a pronounced suppression of butanoate metabolism in colorectal tumor epithelial
cells, which correlates with unfavorable clinical outcomes. Spatial transcriptomic profiling further
revealed that tumor epithelial cells with reduced butyrate metabolism exhibited enhanced activation of
oncogenic pathways associated with cell-cycle progression, metastatic potential, and tumor hypoxia.
These findings suggest that impaired butyrate metabolism is associated with a more aggressive tumor-
cell state in CRC.

Cancer-associated fibroblasts (CAFs) are integral to the CRC microenvironment, fostering tumor
initiation and metastasis through the production of cytokines, growth factors, and extracellular matrix
(ECM) components [16]. Single-cell analyses have uncovered CAF heterogeneity, with distinct subsets
exerting either pro-tumorigenic or tumor-restraining effects, though their precise origins and roles in CRC
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progression remain elusive [17]. Although the tumor-suppressive effects of butanoate metabolism in
epithelial cells have been extensively investigated, its potential role in regulating tumor epithelial cell-
fibroblast interactions remains unclear. Our single-cell and spatial analyses identified enhanced spatial
association and putative intercellular communication between COL1A2-positive fibroblasts and CD44-
positive tumor epithelial cells with low butanoate metabolic activity. These observations suggest that
alterations in epithelial butyrate metabolism may be linked to fibroblast activation and ECM remodeling,
thereby contributing to the formation of a tumor-supportive stromal microenvironment.

In addition, HOXB8 transcriptional activity is significantly elevated in tumor epithelial cells with low
butanoate metabolism, suggesting that HOXB8 may link altered butyrate metabolism to malignant
tumor-cell behavior. HOXB8, a homeobox transcription factor, has been implicated in several
malignancies, including colorectal, breast, bladder, and thyroid cancers [18—22]. In CRC, HOXBS is
frequently overexpressed and has been reported to promote tumor-cell proliferation, migration, and
invasion through activation of Wnt/B-catenin signaling and upregulation of oncogenic mediators,
including MMP2, c-Myc, cyclin D1, and vimentin [23]. Previous microarray analyses have shown that
butyrate treatment alters the expression of multiple Wnt-associated genes, including HOXBS, indicating a
potential regulatory relationship between butyrate exposure and HOXB8 expression [24]. However,
whether butyrate directly regulates HOXB8 and whether HOXB8 mediates the tumor-suppressive effects
of butyrate in CRC remain unknown.

Collectively, our findings highlight butanoate metabolism as a crucial determinant of CRC progression by
orchestrating tumor-intrinsic oncogenic pathways, modulating transcription factor activity, and shaping
the dynamic crosstalk between tumor epithelial cells and cancer-associated fibroblasts. The identified
butyrate/HOXB8/AKT/mTOR axis represents a novel regulatory mechanism, reinforcing the potential of
metabolic interventions to suppress tumor growth. Moreover, the interplay between low butanoate
metabolism, fibroblast activation, and HOXB8 upregulation underscores the complexity of CRC
pathogenesis, suggesting that targeting these metabolic and signaling networks could offer a promising
therapeutic strategy to improve patient outcomes.

2 Methods
2.1 Data acquisition

In this study, we integrated three publicly available datasets to comprehensively analyze single-cell RNA
sequencing (scRNA-seq) data in colorectal cancer. The single-cell RNA sequencing datasets included
GSE144735, GSE166555, and GSE132465 [17, 25], which were obtained from the Gene Expression
Omnibus (GEO) database. Additionally, bulk RNA sequencing data and corresponding clinical and
survival information were retrieved from The Cancer Genome Atlas (TCGA) COAD and READ cohort
(https://xena.ucsc.edu) [26]. These datasets provide a robust foundation for investigating the molecular
landscape of colorectal cancer at both single-cell and population levels.

2.2 Gene Set Score Calculation
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Genes associated with butanoate metabolism were retrieved from the 113 metabolism associated
signatures, as described in Chen Yang's [27] study. Additionally, two key transporters involved in butyrate
uptake, SMCT-1 (SLC5A8) and MCT-1 (SLC16A1), were included in the analysis due to their known roles
in mediating cellular butyrate transport [28] (Additional file 1, Supplementary Table S2).

To quantify butanoate metabolism gene set activity, we employed the irGSEA
(https://github.com/chuiqin/irGSEA), leveraging eight distinct scoring methods specifically designed for
single-cell transcriptomic data. The specific parameters used were: min.cells = 3, min.feature = 0,
custom = F, msigdb =T, species = “Homo sapiens”, and kcdf = ‘Gaussian'’.

2.3 ScRNA-seq Analysis

To ensure data integrity and consistency, the single-cell RNA sequencing data underwent preprocessing
using the Seurat R package (v4.0.5) [29]. Quality control procedures involved filtering out genes detected
in fewer than three cells, discarding cells with fewer than 50 expressed genes, and eliminating cells in
which mitochondrial gene content exceeded 5%. Given that prior studies had already performed initial
quality assessments, no further filtering was applied.

To standardize the expression data, SCTransform was utilized [30], followed by batch effect correction
across the three datasets using the Harmony algorithm (v0.1.0) [31]. Afterward, Seurat objects were
merged into a comprehensive dataset for downstream analysis. Dimensionality reduction was
performed using Principal Component Analysis (PCA), and cell clustering was executed through the
FindNeighbors and FindClusters functions. To account for cell cycle heterogeneity, Cell-cycle scores
were determined using Seurat’s CellCycle Scoring function, allowing for phase-specific adjustments.
Stemness scores were calculated using the AddModuleScore function, with gene sets referenced from
Hang Zheng's study [32]. Finally, data visualization and interpretation were carried out using Uniform
Manifold Approximation and Projection (UMAP) to reveal cellular heterogeneity and structure.

2.4 Cell Type Recognition

A differential expression analysis was executed across all genes within identified cell clusters,
employing Seurat’s FindAllIMarkers function to delineate cluster-specific marker genes. The selection
criteria encompassed an adjusted P-value threshold of < 0.05, an expression fraction surpassing 25%,
and an absolute log2 fold change (FC) exceeding 0.25 (Additional file 1, Supplementary Table S3).
Following this, distinct cellular clusters were annotated utilizing the GPTCelltype R package [33], which
capitalizes on marker gene signatures for precise classification. To ensure the robustness and fidelity of
these classifications, manual curation was performed, with refinements corroborated through
comparative assessment against the CellMarker database.

2.5 Intercellular Communication Analysis

To elucidate intercellular communication dynamics within the tumor microenvironment (TME), we
employed CellChat, a computational framework designed to infer and analyze cell-cell communication
networks based on scRNA-seq data. CellChat [34] systematically identifies and quantifies ligand-
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receptor interactions, enabling a comprehensive understanding of signaling pathways mediating
intercellular crosstalk. The analysis was conducted by assessing receptor expression in one cell type
and the corresponding ligand expression in another, facilitating the identification of significant cell type-
specific interactions. Only ligand-receptor pairs with a p-value < 0.05 were considered statistically
significant. Furthermore, CellChat’s network-based approach allowed us to characterize both the
incoming communication patterns of target cells and the outgoing signaling patterns of secreting cells,
thereby offering a refined perspective on intercellular signaling within the TME.

2.6 Single-Cell Trajectory Inference

To reconstruct cellular state transitions at the single-cell level, we employed the Monocle2 R package
(v2.16.0) for trajectory analysis [35]. Pseudotime trajectories were established by filtering cells based on
mean expression > 0.1 and selecting genes with dispersion_empirical = 1 * dispersion_fit, as discerned
by Monocle2, ensuring robust modeling of dynamic processes. Dimensionality reduction was performed
using the reduceDimension function with DDRTree as the reduction method and max_components set to
two, allowing visualization via plot_cell_trajectory. Genes exhibiting significant variation along the
pseudotime trajectory were identified using the differentialGeneTest function and subsequently
visualized through plot_pseudotime_heatmap. These genes were further categorized into distinct
expression-based subgroups, facilitating the characterization of transcriptional dynamics across the
inferred trajectory.

2.7 InferCNV Analysis

We isolated epithelial cells and constructed a new gene-cell matrix. Single-cell copy nhumber variation
(CNV) analysis was conducted using the inferCNV R package (v1.6.0;
https://github.com/broadinstitute/inferCNV) to evaluate chromosomal alterations in epithelial cells [36].
A new gene-cell matrix was constructed, incorporating epithelial cells while designating B cells as
reference populations. The analysis was executed with default parameters, including “denoise,” the
hidden Markov model (HMM) configurations, and a threshold value of 0.1 for “cutoff” to enhance CNV
inference. To mitigate false-positive CNV calls, the Bayesian latent mixture model was applied with a
posterior probability threshold of 0.5.

2.8 Stemness Potential Assessment via CytoTRACE

To delineate cellular differentiation hierarchies and infer stemness potential, we employed the
CytoTRACE algorithm, a computational framework developed by Gulati et al [37]. CytoTRACE
systematically quantifies gene expression dynamics by leveraging correlations between transcript
abundance and total gene counts in scRNA-seq data, offering a refined measure of cellular plasticity.

The analysis was conducted using the CytoTRACE R package (v0.3.3), which assigns a numerical score
ranging from 0 to 1 to each cell, where higher scores denote greater stemness and a more
undifferentiated state, while lower scores indicate progressive differentiation. This approach has been
extensively validated across diverse large-scale datasets, consistently outperforming conventional
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computational methods for stemness evaluation. By applying CytoTRACE to malignant cells, we inferred
differentiation trajectories, unveiling heterogeneity in tumor cell plasticity and its potential implications
within the tumor microenvironment.

2.9 Metabolic Landscape Reconstruction via scFEA

Metabolic fluxes and metabolite abundances in malignant epithelial cells were computed using scFEA
(v1.1.2) in Python [38]. This framework integrates flux balance analysis with probabilistic modeling,
leveraging a curated metabolic network and graph neural network—based optimization. The analysis
incorporated 70 metabolic modules and their associated metabolites, which were visualized via
heatmaps to facilitate metabolic characterization.

2.10 Spatial Transcriptomics Data Processing and
Integration

Spatial transcriptomics (ST) data from GSE225857 were processed and visualized using the Seurat R
package [39] Data normalization was conducted via the SCTransform (SCT) method, and integration was
performed using SelectIntegrationFeatures, PrepSCTIntegration, FindIntegrationAnchors, and
IntegrateData functions to ensure a harmonized dataset. Unsupervised clustering was employed to
categorize spatially distinct tissue regions based on transcriptomic similarity. Cell population
annotations were refined by integrating hematoxylin and eosin (HE) staining images with cluster-specific
marker genes, further corroborated by the GPTCelltype R package. To delineate spatial expression
patterns, the SpatialDimPlot and SpatialFeaturePlot functions were utilized, providing an in-depth
visualization of transcriptomic distributions within the tissue architecture.

2.11 Spatial Cell Type Decomposition via Cell2location

To deconvolute spatial transcriptomics data into absolute cell-type abundances, we employed
Cell2location, a Bayesian framework designed to map cell types from reference scRNA-seq data onto
spatial transcriptomic profiles with high resolution [40]. The expected number of cells per spot was
estimated via histological inspection, and the regularization parameter was adjusted to mitigate batch-
specific variability. Key parameters were set following the official documentation. Gene filtering excluded
those detected in fewer than 5 cells, present in less than 3% of cells, or with an average expression
below 1.12. The model was trained for up to 30,000 epochs to ensure convergence. A negative binomial
distribution was applied to infer cell-type proportions, incorporating spot- and gene-specific rate
adjustments to correct for contamination and technical artifacts. This method provided a high-resolution
spatial reconstruction of cellular composition, offering deeper insights into tissue organization.

2.12 Functional Pathway Estimation from Spatial Data

Signaling pathway activity across spatial transcriptomic regions was inferred using PROGENYy (v1.12.0)
[41, 42]. A model matrix derived from the top 1,000 genes of each transcriptional footprint was applied to
sctransform-normalized data. Pathway scores were computed for individual spatial locations, enabling a
spatially resolved assessment of functional heterogeneity.
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2.13 Spatial Coordination of Cell Types and Functional
Pathways

To elucidate spatial dependencies among cell types, we employed MISTy in mistyR (v1.2.1), leveraging a
multi-view modeling approach [43]. Cell-type proportions inferred by Cell2location were integrated into
the spatial analysis framework. This analysis incorporated three spatial perspectives: (1) an intrinsic
perspective examining within-spot cellular associations, (2) a juxta perspective capturing proximal
interactions within a 10-spot radius, and (3) a para perspective integrating long-range influences
extending up to 15 spots. The standardized importances derived from these spatial contexts were
analyzed to infer cell-type interrelations, identifying patterns of spatial colocalization and segregation.
Predictors with an R? value below 10% were excluded to ensure robust estimations.

To establish links between tissue organization and functional activity, we applied MISTy to model the
spatial distribution of PROGENy pathway activity scores. This framework incorporated multiple
perspectives, including localized interactions, neighboring influences (max distance = 10), and extended
tissue-wide correlations (radius = 15). Additionally, two perspectives were included to capture
interactions between cell-type compositions and pathway activities. Pathway predictors with an R2 value
below 10% were discarded before aggregation. This approach provided a refined spatial characterization
of cellular communication and functional dynamics within the colorectal cancer microenvironment.

2.14 Spatial trajectory analysis and Cellular
Communication

To reconstruct spatially informed cell-state transitions and infer cell-cell interactions, we utilized stLearn
(v1.0) [44], an integrated framework for spatial transcriptomic analysis. Cell-cell communication was
estimated by leveraging spatial gene expression dependencies, followed by spatially constrained
pseudotime trajectory inference using PAGA, built upon SME-normalized gene expression data.

2.15 Transcription Factor Regulatory Network Analysis

Gene regulatory network inference was performed using pySCENIC on both single-cell and spatial
transcriptomic data [45]. AUCell was employed to evaluate regulon activity across individual cells. For
spatial transcriptomics, transcription factor activity was compared between tumor epithelial and normal
epithelial cells, as well as between tumor epithelial cells with high and low butanoate metabolism
scores. Specific transcription factors and their target genes were further predicted, enhancing the
resolution of regulatory interactions.

Additionally, Connection Specificity Index (CSI) analysis [46, 47], a context-dependent approach for
identifying specific associating partners, was conducted to identify regulon modules. Pearson
correlation coefficients of regulon activity scores were computed, followed by CSI-based hierarchical
clustering with Euclidean distance to delineate regulon modules. A CSl threshold of 0.7 was applied to
construct a regulon association network, visualized using Cytoscape. For each regulon module, its
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activity score was defined as the average activity of its regulon members across all cells within a given
cell type. Pearson correlation coefficients were then calculated to assess the association between each
module and cell types, identifying the top-correlated cell types as the primary regulatory context for each
module. This framework enabled the identification of key regulatory patterns and their associations with
distinct cell types across spatial and single-cell contexts.

2.16 Machine Learning-Derived Signature Construction

To establish a robust and high-performance prognostic signature, we integrated 10 machine learning
algorithms and 101 algorithmic combinations. The ensemble models encompassed random survival
forest (RSF), elastic network (Enet), Lasso, Ridge, stepwise Cox, CoxBoost, partial least squares
regression for Cox (plsRcox), supervised principal components (SuperPC), generalized boosted
regression modeling (GBM), and survival support vector machine (survival-SVM).

The signature development process proceeded as follows: (a) Marker genes associated with tumor
epithelial cells exhibiting low butanoate scores were first identified using Seurat’s FindAlIMarkers
function; (b) These marker genes were then subjected to Univariate Cox regression to determine
prognostic relevance; (c) Feature selection was further refined using the Boruta algorithm to eliminate
non-informative genes; (d) Finally, 101 algorithmic combinations were evaluated to construct prognostic
models using 10-fold cross-validation in the TCGA cohort. The performance of these models was further
assessed in the GSE17536 and GSE39582 cohorts using Harrell's concordance index (C-index). The
model with the highest average C-index across the two external evaluation cohorts was selected as the
final model.

2.17 Immunotherapy Response and Precision Drug
Prediction

To comprehensively assess immunotherapeutic efficacy and explore potential precision-targeted
therapies, we leveraged datasets GSE91061 and PRJEB23709 from the TIGER database. These datasets
facilitated the identification of immune response signatures and their association with therapeutic
outcomes.

Additionally, drug sensitivity profiles for cancer cell lines (CCLs) were extracted from the Cancer
Therapeutics Response Portal (CTRP v.2.0, released October 2015,
https://portals.broadinstitute.org/ctrp) and the PRISM Repurposing dataset (19Q4, released December
2019, https://depmap.org/portal/prism/). Drug response was estimated by calculating the area under
the dose-response curve (AUC) for each compound using ridge regression via the calcPhenotype
function in the R package “pRRophetic.” Lower AUC values indicated heightened sensitivity to treatment.
The differences in AUC values between risk-stratified groups and their correlation with risk scores were
further assessed.

2.18 Survival analysis
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To investigate the prognostic significance of butanoate metabolism and the constructed risk model, we
performed Kaplan—Meier survival analysis. The median was chosen as the threshold to stratify patients
into high- and low-risk categories. The “Survival” and “survminer” packages in R were employed for
survival differences evaluation, while the “ggplot2” package was used for visualization. Additionally,
receiver operating characteristic (ROC) and time-dependent ROC analyses were conducted to evaluate
the predictive accuracy of the risk model. The “pROC” and “timeROC” packages in R were utilized to
quantify sensitivity and specificity, providing a robust assessment of prognostic performance.

2.19 Immune Landscape Analysis

We first examined the expression of immune checkpoint molecules across tumor patients stratified by
different risk scores. To further characterize immune activity, we employed CIBERSORT (R package) [48]
to estimate the infiltration levels of 22 immune cell types in patients with varying risk scores based on
gene expression profiles.

Additionally, the single-sample gene set enrichment analysis (ssGSEA) algorithm, an extension of the
GSEA approach, was utilized to quantify the abundance of 29 immune signatures [49] across different
risk groups, providing insights into immune heterogeneity in tumor patients with varying risk scores.

2.20 Reagents

Anti-HOXB8 antibody (1:1000 dilution; Cat. No. 31387-1-AP) was purchased from Proteintech (Wuhan,
China), anti-Bax (1:1000 dilution; Cat. No. GB15690-100), anti-Bcl-2 (1:1000 dilution; Cat. No. GB154380-
100), and anti-GAPDH (1:1000 dilution; Cat. No. GB15002-100) antibodies were obtained from Servicebio
(Wuhan, China). HOXB8 plasmids were acquired from Beijing Maijing Biotechnology Co., Ltd. (Beijing,
China). Lipofectamine 3000 (Cat. No. L3000015) and Dulbecco’s modified Eagle’s medium (DMEM) were
purchased from Invitrogen (Thermo Fisher Scientific, Inc., Waltham, MA, USA). Fetal bovine serum (FBS;
Cat. No. C04001-500) was obtained from Vivacell (Shanghai, China). Cell Counting Kit-8 (CCK-8; Cat. No.
C0038) and crystal violet staining solution (Cat. No. C0121) were procured from Beyotime Biotechnology
(Shanghai, China). Opti-MEM (Cat. No. 11058021) was sourced from Gibco (Thermo Fisher Scientific,
Inc., Waltham, MA, USA). Transwell chambers (24-well plate, 6.5 mm insert, 8 pm pore size, PC
membrane) were obtained from LABSELECT (Labgic Bio, Beijing, China). Sodium butyrate (Cat. No.
S817488) was purchased from MACKLIN (Shanghai, China). Matrigel (Cat. No. BL1833B) was acquired
from Biosharp (Anhui, China). Culture-insert 2 well was procured from ibidi (Grafelfing, Germany).

2.21 Cell Culture

HCT-116 human colorectal cancer cells were obtained from Shanghai Fuheng Biotechnology Co., Ltd.
(Shanghai, China; Cat. No. FH0027) in 2025. The cell line was authenticated by short tandem repeat
(STR) profiling by the supplier. Cells were cultured in Dulbecco's modified Eagle medium (DMEM)
supplemented with 10% fetal bovine serum (FBS) and maintained at 37°C in a humidified atmosphere
containing 5% CO,.

2.22 Plasmid Transfection
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Twenty-four hours prior to transfection, cells were digested with trypsin, resuspended, and seeded into 6-
well plates at a density of approximately 1 x 10° cells per well, aiming for 60%-70% confluence at the
time of transfection. For transfection mixture preparation: in Tube A, HOXB8 plasmid DNA and P3000™
reagent were diluted in Opti-MEM™ Reduced Serum Medium according to the manufacturer's
instructions. In a separate Tube B, Lipofectamine™ 3000 reagent was diluted in Opti-MEM™. The contents
of Tube A and Tube B were then combined, mixed gently, and incubated at room temperature for 10-15
minutes to allow DNA-lipid complex formation. The resulting complexes were added dropwise to the cell
culture wells along the sidewall, and the plate was gently swirled to ensure even distribution. Cells were
returned to the 37°C, 5% CO, incubator for 4 hours, after which the medium was replaced with fresh
complete culture medium. Transfected cells were harvested for subsequent experiments 72 hours post-
transfection.

2.23 Sodium Butyrate Treatment

A stock solution of sodium butyrate was prepared at 160 mM in DMEM and filter-sterilized. For formal
experiments, this stock solution was diluted in complete medium to obtain working concentrations of 2
mM, 4 mM, and 8 mM.

2.24 Cell Viability Assay

Cell viability was assessed using the Cell Counting Kit-8 (CCK-8) according to the manufacturer's
protocol. Briefly, HCT116 cells were digested, resuspended, and seeded into 96-well plates at a density
of 3,000-5,000 cells per well. Each experimental group consisted of four replicate wells, with blank
control wells (medium only) included. After the designated treatment periods, 10 pL of CCK-8 solution
was added to each well, followed by incubation for 2 hours at 37°C. The absorbance of each well was
measured at 450 nm using a microplate reader (BioTek Instruments, Winooski, VT, USA). Cell viability
curves were generated from three independent experiments. Cell viability was calculated as follows:
Viability (%) = [(OD_Experimental - OD_Blank) / (OD_Control - OD_Blank)] x 100%. Data are presented with
different time points on the X-axis and cell viability percentage on the Y-axis.

2.25 Wound Healing Assay

HCT116 cells were digested and resuspended in serum-free medium to a density of 3 x 10% cells/mL. A
Culture-insert 2 well (ibidi) was placed securely in a 24-well plate. Each well of the insert was filled with
100 pL of the cell suspension, while the area outside the insert received 400 pL of the same suspension.
After 12 hours of incubation at 37°C, the culture insert was carefully removed to create a defined cell-
free gap (wound). The initial wound area was photographed using a digital camera (400x magnification).
Following relevant drug treatments, cells were further incubated for 48 hours, after which the same areas
were re-photographed. Wound closure was analyzed by comparing the changes in the wound area over
time.

2.26 Cell Invasion Assay (Transwell)
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Matrigel was thawed overnight at 4°C and diluted 1:8 with cold DMEM to prepare Solution A. Each
Transwell chamber (8 um pore size, 6.5 mm diameter, LABSELECT) was coated with 100 pL of Solution
A and incubated at 37°C overnight. The following day, excess liquid was aspirated, and the chambers
were hydrated with 200 yL DMEM for 3 hours. HCT116 cells were digested, resuspended in DMEM
containing 2% FBS at a density of 5 x 105 cells/mL, and 100 pL of this cell suspension was added to the
upper chamber. The lower chamber was filled with 500 puL of DMEM supplemented with 10% FBS as a
chemoattractant. After 48 hours of incubation at 37°C, non-migrated cells on the upper surface of the
membrane were carefully removed using a cotton swab. Cells that had migrated to the lower surface
were fixed with 4% paraformaldehyde for 15 minutes and stained with 0.1% crystal violet for 5 minutes.
After gentle rinsing with PBS, the membranes were examined under a microscope. The number of
migrated cells was counted in five randomly selected fields per membrane.

2.27 Western Blot Analysis

The culture medium in the 6-well plates was discarded, and the cells were washed twice with ice-cold
PBS. An appropriate volume of RIPA lysis buffer containing protease and phosphatase inhibitors was
added to each well, and cells were lysed on ice for 30 minutes. The lysates were scraped, collected into
microcentrifuge tubes, and centrifuged at 12,000 rpm for 15 minutes at 4°C. The supernatant (total
protein extract) was collected. Protein concentration was determined using a BCA protein assay kit, and
all samples were adjusted to the same concentration. Protein samples were mixed with 5x loading
buffer, denatured by boiling at 100°C for 10 minutes, and equal amounts of protein were loaded onto
SDS-PAGE gels for electrophoresis under constant voltage. Proteins were subsequently transferred onto
PVDF membranes using a wet transfer system, typically at a constant current of 200—300 mA for 1.5
hours. The membranes were blocked with 5% non-fat milk in TBST for 1 hour at room temperature with
gentle shaking. After blocking, membranes were incubated with primary antibodies diluted in TBST
overnight at 4°C with shaking. Following three washes with TBST (10 minutes each), membranes were
incubated with HRP-conjugated secondary antibodies for 1 hour at room temperature. After another
three washes with TBST, protein bands were visualized using an ECL chemiluminescent substrate and
detected with a chemiluminescence imaging system. The expression levels of target proteins were
quantified using ImagedJ software (Version 1.43u, National Institutes of Health, Bethesda, MD, USA) and
normalized to GAPDH.

3 Results

3.1 Single-cell Transcriptomic Landscape of Colorectal
Cancer

The overall workflow of our study is depicted in Fig. 1. We incorporated three publicly available single-
cell RNA sequencing (scRNA-seq) datasets (GSE144735, GSE166555, and GSE132465) to bolster the

robustness and comprehensiveness of our findings. These datasets comprised tumor and adjacent
normal tissue samples collected from a total of 41 colorectal cancer patients following surgical
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resection. Supplementary Table S1 provides a detailed summary of the clinical and pathological
characteristics of all patients included in this study. To integrate the scRNA-seq data from different
sources, we applied the Harmony algorithm to effectively eliminate batch effects while simultaneously
accounting for multiple experimental and biological covariates. After dimensionality reduction and
clustering, cells were annotated according to canonical marker expression, yielding nine distinct cell
types: T cells (CD3E, CD3G), B cells (MS4A1), plasma cells (SDC1, MZB1), myeloid cells (CD14, FCGR3A),
fibroblasts (COL1A1), mast cells (KIT, MS4A2), endothelial cells (PECAM1), glial cells (S100B), and
epithelial cells (EPCAM) (Fig. 2A-B). The distinctive cellular markers within each major cell population
were visualized using a violin plot (Additional file 2, Supplementary Fig. STA, Additional file 1,
Supplementary Table S3). The functional enrichment profiles of the top 50 marker genes in each cell type
shed light on the transcriptional features underpinning their unique physiological roles (Additional file 2,
Supplementary Fig. S1B). As representative examples, fibroblast-specific genes were primarily enriched
in extracellular matrix-related pathways, including collagen fibril organization, whereas B cell markers
were associated with immunological functions such as activation, proliferation, and B cell receptor
signaling (Additional file 2, Supplementary Fig. S1B).

3.2 Construction and Calculation of a Butyrate Metabolism
Signature

As a major microbial metabolite in the colon, butyrate is increasingly recognized as a key regulator of the
colorectal cancer microenvironment, offering anti-inflammatory, immunomodulatory, and potential
therapeutic benefits [50]. To quantify butyrate metabolism at the single-cell level, we employed irGSEA,
an R package that integrates distinct scoring algorithms based on gene expression ranks, emphasizing
relative expression levels rather than absolute values. All eight scoring algorithms consistently revealed
that epithelial cells exhibited the highest butyrate metabolism scores among all identified cell types,
followed by fibroblast cells (Fig. 3A). Previous studies have shown that in normal colonic epithelial cells,
butyrate facilitates cell growth by serving as an oxidative energy source. However, in cancerous
colonocytes, butyrate is inefficiently metabolized, as glucose replaces butyrate as the primary energy
source (the Warburg effect) [51-53]. In line with these findings, butyrate metabolism scores were
markedly reduced in tumor tissues compared to adjacent normal tissues, with this difference being
particularly pronounced between malignant and non-malignant epithelial cells (Fig. 3C). We next
calculated butyrate metabolism scores for each patient in TCGA cohort. Based on the median score,
patients were stratified into highBTA and lowBTA groups. Survival analysis revealed that patients in the
lowBTA group exhibited significantly poorer overall survival (0S) and disease-free survival (DFS)
compared to those in the highBTA group (Fig. 3B), underscoring the association between high butyrate
metabolism and favorable prognosis.

3.3 Differentiation States and Phenotypic Profiling of
Tumor Epithelial Cells with High and Low Butyrate
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Metabolism

UMAP analysis of epithelial cells from core tumor regions uncovered five distinct subpopulations
(Additional file 2, Supplementary Fig. S2A). To further identify malignant cells, we extracted these five
epithelial subgroups along with B cells, and applied the inferCNV algorithm to assess large-scale
chromosomal alterations. The results divulged that all five epithelial subgroups exhibited remarkably
higher CNV levels than compared to normal B cells, suggesting their high degree of malignancy
(Additional file 2, Supplementary Fig. S2B-C). Across lesions, inferCNV analysis revealed mostly noticed
gains in 20p, 20q, 7p, 7q, 8p,8q, and 19q, consistent with well-defined CNVs reported in previous WGS-
based colorectal cancer studies (Additional file 2, Supplementary Fig. S3A) [54].

The dysregulation of butyrate metabolism in malignant epithelial cells warrants further attention due to
its potential relevance to tumor progression and cellular differentiation. To explore this, we stratified
epithelial cells into two subgroups based on their butyrate metabolism scores: HighBTAepis and
LowBTAepis. To investigate the evolutionary dynamics of tumor epithelial cells within the BTA group, we
conducted unsupervised cell trajectory analysis using Monocle2 (Fig. 4A). The trajectory analysis
elucidated that malignant epithelial cells could be deconvoluted into nine distinct differentiation states,
with State 1 corresponding to the initiation of the trajectory and State 7 representing the terminal stage
(Fig. 4B). Strikingly, LowBTAepis were predominantly aggregated in the early and middle stages of
pseudotime trajectory, whereas HighBTAepis were primarily distributed at the terminal end of the
trajectory (Fig. 4C). Expanding on this, we visualized the differentiation trajectories of BTA genes
(butyrate metabolism-related genes) in nine states and their dynamic expression changes during
differentiation. Heatmap showcased that key regulators of butyrate uptake and oxidation, including
SLC5A8 (SMCT1), SLC16A1 (MCT1), HMGCS1/2, and BDH1/2, were upregulated in the intermediate-to-
terminal stages. In contrast, ACAT2, OXCT2, and L2ZHGDH were mainly prominent during the incipient
phase (Fig. 4D). Trajectory analysis dissected a notable expansion of HighBTAepis within terminal
pseudotime 7-9 states, while LowBTAepis were predominantly confined to the early phases, specifically
1-2 states (Fig. 4E). Moreover, cell-cycle interrogation demonstrated that LowBTAepis exhibited a
significantly higher fraction of S and G2/M phase cells, pointing to increased proliferative potential

(Fig. 4F). Stemness inference via CytoTRACE highlighted a pronounced increase of stemness scores in
LowBTAepis (Fig. 4G-H), concurrently with increased CNV levels (Fig. 4l), collectively reflecting a more
aggressive and undifferentiated phenotype. Such results are concordant with trajectory inference, which
positioned LowBTAepis as residing at the differentiation origin — a position commonly attributed to cells
with high stemness. Through inferCNV analysis, LowBTAepis exhibited focal upregulation in CNV levels
across 19q gain, 19p gain, and 7p gain, while showing reduced CNV levels including 19q loss, 16q gain,
9q gain, 3p gain and 3q loss (Fig. 4J).

3.4 Intercellular Communication Landscape of BTA-
Stratified Epithelial Cells and the Tumor Microenvironment
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Recent studies have highlighted the pivotal role of butyrate in modulating the tumor immune
microenvironment [55]. Specifically, butyrate has been shown to promote T cell differentiation into both
effector and regulatory (Treg) subsets, thereby shaping immune responses within the tumor [56]. In
order to uncover how stratification by butyrate metabolism correlates with distinct intercellular signaling
programs in the tumor microenvironment, we leveraged CellChat to delineate the communication
networks between HighBTAepis/LowBTAepis cells and other cellular populations, Remarkably, the GDF
signaling pathway conveyed pronounced specificity within HighBTAepis/LowBTAepis. In addition, with
respect to LowBTAepis, the predominant incoming signals included PTN and MK pathways, whereas the
main output signals comprised MIF, MK, VEGF, GDF, and PARs (Fig. 5A-B). Upon quantifying interaction
strength, the majority of intercellular communications occurred among T cells, B cells, plasma cells,
myeloid cells, fibroblasts, mast cells, endothelial cells, glial cells, and HighBTAepis/LowBTAepis

(Fig. 5C). Besides, the count of ligand-receptor interactions between HighBTAepis and other cell types
surpassed that observed in LowBTAepis (Fig. 5D). The likelihood of ligand-receptor interactions
between HighBTAepis/LowBTAepis and other cell type were further evaluated. Results indicated that
myeloid cells preferentially interacted with LowBTAepis through SPP1-CD44 and LGALS9—-CD44. In
particular, the CD44—-SPP1 axis has been previously implicated in suppressing CD8* T cell activation,
thereby facilitating tumor immune tolerance and promoting immune evasion [57]. Beyond that, several
key ligand—-receptor pairs originating from fibroblasts were pinpointed as specifically targeting
LowBTAepis, which encompass MDK-NCL, MDK—(ITGA6 + ITGBT), MDK-SDC4, PTN-NCL, and PTN-
SDC4. Midkine (MDK) and pleiotrophin (PTN) are closely related heparin-binding growth factors
implicated in both neural development and tumorigenesis, reflecting their dual roles in physiological and
pathological contexts [58, 59]. Such functionally significant interactions are capable of activating pivotal
oncogenic signaling cascades—including PI3K-AKT, MAPK or JAK—STAT, thereby fostering tumor cell
proliferation, migration, angiogenesis, and facilitating an immunosuppressive microenvironment [60, 61].

3.5 Transcription Factors Profiling and Metabolic flux
analysis in Butyrate Metabolism—Stratified Tumor
Epithelial Cells

To dissect the regulatory mechanisms underlying HighBTAepis/LowBTAepis subgroups, we
implemented the pySCENIC pipeline, which involves three key steps: inference of TF—target co-
expression modules, motif-based refinement to delineate high-confidence regulons, and AUCell-based
scoring to evaluate regulon activity across single cells [62]. Transcription factors uniquely indicative of
each subtype were ranked based on their respective regulon specificity scores (RSS) (Fig. 6A). Strikingly,
the LowBTAepis were characterized by the selective upregulation of STATT in JAK-STAT signaling [63],
TCF4 in Wnt signaling, TP53 in p53 signaling, TFAP2A in PI3K-AKT signaling [64], KLF6/13 in TGF-B
signaling [65, 66] and NFE2L2 (NRF2), which governs antioxidant and detoxification gene programs [67].
For HighBTAepis, critical transcription factors with elevated regulon activity included CDX1/2, E2F2,
CEBPA, HNF4G, NR2F6. Emerging evidence suggests that butyrate, a major microbial derived short chain
fatty acid, reprograms colorectal cancer cell metabolism by suppressing glycolysis [14], reducing SCAD-
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mediated beta-oxidation [68], and enhancing TCA cycle activity [69]—thereby coupling metabolic and
epigenetic remodeling to arrest proliferation and induce apoptosis. To further investigate the potential
role of butyrate in the metabolic regulation of tumor epithelial cells, a deep learning-based scRNA-seq
analysis tool, scFEA was employed to computationally infer cellular metabolic fluxes in
HighBTAepis/LowBTAepis subgroups. The observed enhancement of metabolic fluxes through key TCA
cycle reactions (e.g., Citrate—20G, Pyruvate— Acetyl-CoA, Succinate—Fumarate) suggests a
metabolically oxidative state in LowBTAepis, potentially reflecting a compensatory metabolic adaptation
to altered butyrate utilization. Additionally, stimulated degradation of lysine, valine, and isoleucine into
TCA cycle intermediates (lysine—Acetyl - CoA, Valine—Succinyl - CoA, Isoleucine—Acetyl - CoA,
Isoleucine—Succinyl - CoA) in LowBTAepis likely represents a compensatory mechanism to replenish
mitochondrial carbon pools and sustain oxidative metabolism. Moreover, increased flux through the N-
linked glycan synthesis pathway was observed in LowBTAepis, manifested by elevated dolichol-linked
oligosaccharide assembly and complex-type glycan maturation, indicating augmented glycoprotein
processing capacity (Fig. 6C). Other metabolic pathways enriched in LowBTAepis—such as Pyruvate —
Acetyl-CoA (M_5), Acetyl-CoA — (E,E)-Farnesyl-PP (M_113), Acetyl-CoA — Fatty Acid (M_34), and Valine
— Succinyl-CoA (M_54)—further support a compensatory shift toward mitochondrial oxidative
metabolism and reduced reliance on aerobic glycolysis (Fig. 6B). These alterations are indicative of a
suppressed Warburg effect and substantiate that LowBTAepis flexibly reprogram carbon metabolism to
maintain energy homeostasis through amplified TCA cycle activity.

3.6 Decoding Butyrate Metabolism through the
Convergence of Spatial Transcriptomics and Single-Cell
RNA Sequencing

Spatial transcriptomics offers a unique advantage by enabling the precise localization of gene
expression, which allows for better visualization of the heterogeneity of butyrate metabolism. In this
work, we re-analyzed previously published spatial transcriptome datasets from three colorectal cancer
(CRC) patients (ST-C1, ST-C2 and ST-C3). Leveraging hematoxylin and eosin (HE) stained tissue sections,
coupled with the intelligent annotation of marker genes for each cluster using GPTCelltype, we
annotated and cataloged the spatial locations into six predominant clusters: tumor cells, fibroblasts,
smooth muscle cells, epithelial cells, endothelial cells, and immune cells (Fig. 7A-B). A pronounced
decrease in butyrate metabolism scores was discerned within the neoplastic region (Fig. 7C). We
scrutinized and interrogated the ST data with the scRNA-seq datasets through the application of
Cell2location, and eleven distinct cell types identified in scRNA-seq were spatially mapped to the CRC
tissue slice (Fig. 7D). The mapping results obtained from Cell2location exhibit a high degree of
consistency with the prior annotation outcomes. To explore the spatial dynamics of cellular interactions
and abundance in CRC, we employed MISTy [43], a cutting-edge fusion multiview framework designed
for establishing the associations between the detected expression profiles of the markers, for instance,
intracellular modulation or paracrine signaling. Throughout tissue sections, spatially coincident
interactions within specific tissue spots (intra) manifested as the most informative indicator, unveiling
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co-occurrences between LowBTAepis and fibroblasts in ST-C1 and ST-C3, which were also substantiated
by the cellchat results derived from scRNA data. A further observation demonstrated that LowBTAepis
and B cells co-interactions occurred in intra-position or at a distal position in neighboring (10 pots) and
extended neighboring regions (15 pots) in ST-C2 and ST-C3. Thereupon, we quantified pathway activities
by exploiting PROGENYy for each individual tissue spot based on spatial gene expression profiling. Our
findings authenticate a significant upregulation of critical pathways in the LowBTAepis, including
Androgen, EGFR, Hypoxia, JAK-STAT, MAPK, NFkB, p53, TNFa and TGFB (Additional file 2,
Supplementary Fig. S4A-B).

To optimally harness spatial information, MISTy was once again applied to the colocalization analysis of
pathways, through which we uncovered intimate interactions between NFkB and TNFa signaling, TNFa
and TGFp signaling, EGFR and MAPK signaling, which have been extensively validated in colorectal
cancer (Additional file 2, Supplementary Fig. S5A) [70]. These pathways displayed a hierarchical cascade
of interactions, where NFkB is activated by TNFa, subsequently initiating TGF( signaling to regulate cell
differentiation and immune responses [71]. Furthermore, EGFR induces the MAPK pathway, driving cell
proliferation and migration [72]. The spatial interrelations of these HighBTAepis or LowBTAepis-related
pathways highlights the cellular heterogeneity within colon cancer cells. As it depicted, Androgen, WNT,
TNFa, TGFB, TP53, NFKkB, JAK—-STAT, Hypoxia and EGFR were detected in concomitant presence with
LowBTAepis in ST-C1, ST-C2 and ST-C3 (Additional file 2, Supplementary Fig. S5B).

3.7 Combinatorial Regulation Landscapes elucidated
through connection specificity index (CSI) in Spatial
Transcriptomic Data

Transcription factors (TFs) orchestrate the transcriptional regulation of target genes by specifically
binding to distinct DNA sequences. A comparative analysis of the atlas-wide similarity in RAS scores
across regulon pairs was conducted, employing the Connection Specificity Index (CSI) [46, 47] to clarify
the combinatorial patterns. Remarkably, these 389 regulons were hierarchically partitioned into 7 distinct
modules (Fig. 8A, Additional file 1, Supplementary Table S4). Several indissociable regulators and cell
types, based on their mean activity scores, were discerned within each module. The activity of M2,
encompassing ATF3, ATF6, BCL6, FOXC1 and ZEBT, is particularly elevated in fibroblasts. Previous
research has confirmed that FOXC7 and ZEB1 govern fibroblast differentiation, primarily through
involvement in the signal transduction cascades of key pathways such as TGF- and Wnt, which
modulate cellular migration and ECM remodeling [73-75]. Module M3 harbors E2F5 and KLF5, which are
pivotal in regulating cell cycle progression [76, 77], alongside POU5F1B and NEUROD1 [78, 79], which are
indispensable for sustaining stem cell pluripotency and differentiation. Additionally, members of the
homeobox superfamily, including HOXA4, HOXB6, HOXB8, and HOXB9Y, influence tumor initiation and
growth, invasion and metastasis, angiogenesis and anti-cancer drug resistance [80]. When projecting the
regulon activity of module 3 onto histological slides, we noted a spatially coherent distribution pattern
between LowBTAepis and those with high M3 scores, confirming their substantial associations (Fig. 8B).
Capitalizing on the precisely computed CSlI, we further visualized the transcription factor regulatory
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networks pertinent to each module (Fig. 8C). To fully incorporate spatially resolved transcriptomic
information, regulon-specific score (RSS) analysis was realized through the pySCENIC algorithm.
Intriguingly, we noticed that HOXB8, NFE2L2, and NELFE were predominantly expressed in neoplastic
epithelial cells, particularly in the LowBTAepis (Additional file 2, Supplementary Fig. S6A-C). Ultimately,
we also depicted the regulatory networks of these three core TFs and their potential target genes
(Additional file 2, Supplementary Fig. S6D-F). The target genes of NFE2L2, including SDC4 and SDCBP,
are involved in regulating extracellular matrix remodeling and cell adhesion [81, 82]. HOXB8 modulates
the expression of genes such as ITGA9 and MSLN, which are integral to cellular migration and invasion
[83, 84]. Additionally, NELFE regulates genes like TMEM200A and TMEMZ205, which are crucial for
membrane dynamics and material exchange [85, 86].

3.8 Spatial Trajectory Inference and Cell-Cell Interaction
Analysis in Tumor Core and Periphery Regions

Focusing on the dynamic, branching nature of cancerous cells or clones within the tumor
microenvironment is critical, as it mirrors the complex processes observed in biological phenomena
such as cell division, morphogenesis, clonal drug resistance, and evolutionary differentiation.
Pseudotime, an advanced concept in scRNA-seq analysis, is a computational tool widely adopted to
address the challenge of quantifying transcriptional changes as cells undergo biological processes and
transition between different states [35]. In the course of our investigation, we zoomed into a tracking
algorithm called stLearn to infer changes in cell states or progression within the tissue context of the
profiled cells. The asynchrony process captured by stlearn in spatial transcriptomics exhibited an
evolutionary route from LowBTAepis to HighBTAepis (Fig. 9A-C, left panel). The complex spatial
trajectories of cell clusters were portrayed through an overarching hierarchical tree diagram (Fig. 9A-C,
right panel). Of interest, the cluster located proximal to the tumor's core invasive and differentiate radially
outward the deeper regions of periphery tissue. As an illustration, cluster 12 displayed a differentiation
trajectory towards cluster 0 and cluster 46 in ST-C1, while ST-C2 showed a transition from cluster 3 to
clusters 1, as well as from cluster 2 to clusters 18. Moreover, ST-C3 emphasized a progression from
cluster 10 to clusters 9/4, and from cluster 5 to clusters 2/11/12/38/40. In brief, with the passage of
time, branches characterized by intensified invasiveness often transform into subpopulations with
disseminative invasive propensity.

Cellular state progression kinetics were typically reflected by transcriptomic data, in which stage-specific
gene expression signatures demarcate a seamless continuum from nascent to fully advanced phases.
We here undertook transition marker analysis to ascertain those genes that either increase or decrease
their expression along the trajectory/trajectories of each clade (Fig. 10D).

Moreover, stLearn also enables the high-resolution delineation of cell-cell interactions between
neighbouring spots or within spots, thereby encompassing juxtacrine, paracrine, and endocrine ligand-
receptor mechanisms. Based on this, we detected a suite of candidate ligand-receptor interactions
throughout the tissue section (Additional file 1, Supplementary Table S5), with COLTA2-CD44 emerging

Page 18/48



as the most salient pairing. We can also visualise where the ligand or receptor are
expressed/coexpressed simultaneously with the dominant spots (Fig. 10A). Results indicated that
COL1A2-CD44 interactions were markedly prevalent within the tumor-associated mesenchyme. Upon
annotating spots with specific cellular identities and executing cell-cell communication modeling, we
corroborated an exceptionally potential crosstalk axis linking LowBTAepis to fibroblasts in all patients
(Fig. 10B-C). To elucidate the possible biological process mediated by the postulated CCI events for the
LR pairs, we ultimately implemented GO and KEGG enrichment analysis for the top 100 LR with the
greatest number of significant spots. These LR pairs displayed significant enrichment of known
biological processes regulated by ECM-cell adhesion axis (collagen-containing extracellular matrix, cell-
matrix adhesion, regulation of cell migration and cell adhesion molecule binding), where collagen-rich
matrix remodeling and integrin-mediated focal adhesions, and pathways including ECM-receptor
interaction and PI3K-Akt signaling, thereby driving the choreographed progression of migration and
invasive infiltration (Additional file 2, Supplementary Fig. S7A-B, Additional file 1, Supplementary Table
S6).

3.9 Development and Validation of a Consensus BTA-risk score via Integrative Bulk RNA-Seq Analysis
and Machine Learning Algorithms

We initiated our analytic pipeline with FindMarkers-based identification of LowBTAepis markers in
scRNA-seq data. Univariate Cox analysis subsequently refined 47 genes as statistically robust predictors
of clinical outcomes, warranting further integrative modeling (Additional file 1, Supplementary Table S7).
Integrating feature selection into our pipeline, we harnessed the Boruta algorithm to extract 7 highly
reliable genes (Fig. 11A, Additional file 1, Supplementary Table S8). Then we implemented a
comprehensive model construction strategy leveraging 101 pairwise combinations of classical and
ensemble machine learning algorithms. These models were constructed using 10-fold cross-validation in
the TCGA cohort and subsequently evaluated in the GSE17536 and GSE39582 cohorts. Model
performance was compared using the concordance index (C-index). Among the 101 algorithmic
combinations, the CoxBoost + Random Survival Forest (RSF) model achieved the highest average C-
index across the two external evaluation cohorts (0.715) and was therefore selected as the final BTA-risk
model (Fig. 11B). A patient-specific prognostic score was formulated by applying the regression weights
from the selected model to the corresponding gene expression profiles. This enabled robust bifurcation
of the cohort into prognostically divergent subgroups. Kaplan—Meier survival analysis demonstrated a
pronounced survival disadvantage in patients classified into the high-risk group compared to their low-
risk counterparts, in both the discovery and validation datasets (Fig. 11C). Furthermore, Receiver
operating characteristic (ROC) curve analysis demonstrated that the BTA-risk score possessed robust
predictive performance across multiple time horizons, achieving AUCs of 0.993, 0.99, 0.985 at 1-, 3- and
5-year intervals in the TCGA cohort (Fig. 11D). The selected model also showed consistent prognostic
stratification in GSE17536 and GSE39582, supporting its prognostic relevance across multiple cohorts.

3.10 Clinical Applications of the BTA-risk score in Shaping the Tumor Immune Microenvironment and
Predicting Immunotherapy Outcomes
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Given the well-established influence of the tumor immune microenvironment (TME) on cancer
progression and therapeutic outcomes, we next systematically analyzed the immune landscape in
relation to BTA-risk score. A notable upregulation of multiple immune checkpoint genes, including
CD274,PDCD1, CTLA4, and CD247 were observed in patients with elevated risk scores (Additional file 2,
Supplementary Fig. S8A), suggesting a heightened state of immune suppression. Concomitantly,
elevated TIDE scores (Additional file 2, Supplementary Fig. S8B) and decreased immunotherapy
response rates (Fig. 12A-B) in patients with high BTA-risk scores underscore a more evasive
immunophenotype, potentially contributing to their unfavorable clinical outcomes (Fig. 12C). Subsequent
sSGSEA analysis revealed that patients in the high BTA-risk score group were characterized by
pronounced enrichment of effector immune cell populations, particularly CD8 T cells, Tth, Th1 cells and
TILs. Additionally, immune-related functional pathways, such as check point, T-cell co-stimulation and
co-inhibition, APC co-stimulation and co-inhibition were significantly more active in the high BTA-risk
group (Additional file 2, Supplementary Fig. S8C). In pursuit of personalized treatment strategies, we
systematically leveraged CTRP and PRISM pharmacogenomic datasets to identify compounds with
differential activity in BTAscore-defined subgroups. For patients in high BTA-risk group, owing to their
immunoevasive phenotype and resistance to checkpoint inhibition, prioritizing the identification of
effective small-molecule interventions is clinically imperative. Notably, these individuals predicted
pronounced sensitivity to agents such as BRD-K64610608, brivanib, hyperforin, adapalene, clonazepam,
eltrombopag and RGFP966 (Fig. 12D-G). In parallel, the low BTA-risk group exhibited increased
responsiveness to agents like cucurbitacin |, oligomycin A and ML21 (Fig. 12H).

3.11 Sodium butyrate suppresses the malignancy of
HCT116 cells in a dose- and time-dependent manner

Our comprehensive single-cell transcriptomic analysis of colorectal cancer (CRC) tissues revealed a
significant reduction in butyrate metabolism scores within malignant epithelial cells compared to their
normal counterparts (Fig. 3C). This metabolic reprogramming was not merely an incidental observation;
rather, it was critically associated with tumor progression. Patients exhibiting lower butyrate metabolism
activity (lowBTA) demonstrated markedly poorer overall and disease-free survival rates (Fig. 3B).
Notably, the lowBTA epithelial subpopulation (LowBTAepis) was characterized by a more
undifferentiated, stem-like state, enhanced proliferative potential, and exhibited a distinct copy number
variation (CNV) signature that included gains on chromosomes 19q and 7p (Fig. 4F-J).

Most significantly, our regulon activity analysis identified the transcription factor HOXBS8 as being
specifically and highly active in these aggressive LowBTAepis populations (Additional file 2,
Supplementary Fig. S6B). HOXB8, a member of the homeobox gene family, has been implicated in tumor
initiation, invasion, and metastasis. Its pronounced enrichment within the poor-prognosis population
characterized by low butyrate metabolism presents a compelling hypothesis: that HOXB8 may serve as a
key functional effector mediating the aggressive phenotype associated with impaired butyrate
metabolism in CRC.
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To experimentally validate the hypothesis derived from our bioinformatic analyses, we conducted
functional studies utilizing the HCT116 colorectal cancer cell. Initially, we aimed to confirm the direct
anti-tumor effects of its namesake metabolite—sodium butyrate (NaB). Treatment of HCT116 cells with
varying concentrations of NaB (2, 4, and 8 mM) and timepoints (24, 48 and 72 h) demonstrated a
significant inhibition of cell proliferation in a clear dose- and time-dependent manner (Fig. 13A). Beyond
proliferation, functional assays revealed that a 48-hour treatment with NaB effectively suppressed both
the migratory (Fig. 13B, C) and invasive (Fig. 13D, E) capabilities of HCT116 cells in a dose-dependent
manner. These consistent findings across multiple phenotypic endpoints firmly establish that NaB exerts
broad and potent suppressive effects on the core malignant behaviors of colorectal cancer cells.

3.12 The inhibitory effects of sodium butyrate are
mediated through the downregulation of HOXBS.

We subsequently utilized this experimental system to mechanistically elucidate the relationship between
sodium butyrate (NaB) and our computational candidate, HOXB8. Western blot analysis confirmed that
NaB treatment resulted in a significant, dose-dependent reduction in HOXB8 protein expression

(Fig. 13F), thereby establishing HOXBS8 as a potential molecular target of NaB signaling. To definitively
ascertain whether the downregulation of HOXBS is functionally necessary for the effects of NaB, we
conducted a genetic rescue experiment by overexpressing HOXB8 (OE-HOXBS8) in HCT116 cells. As
expected, overexpression of HOXB8 alone acted as a potent oncogenic driver, significantly enhancing
cell proliferation, migration, and invasion (Fig. 14A-E). However, the critical finding was that while NaB
treatment effectively suppressed these malignant behaviors in HCT116 cells, its inhibitory effects were
markedly diminished in cells overexpressing HOXB8 (Fig. 14A-E). This partial yet substantial rescue
strongly indicates that the anti-tumor efficacy of NaB is primarily mediated through its capacity to
suppress HOXB8 expression.

3.13 Sodium butyrate inhibits the AKT/mTOR signaling
pathway and regulates downstream functional proteins by
targeting HOXBS.

To further elucidate the downstream signaling cascade through which the NaB-HOXB8 axis exerts its
effects, we investigated the AKT/mTOR pathway, a critical regulator of cell growth, survival, and
metabolism that is frequently dysregulated in cancer. Our data demonstrated that NaB treatment
significantly inhibited the phosphorylation of AKT and phosphorylation of mTOR, indicating a
suppression of this key oncogenic pathway (Fig. 15A, B). Notably, overexpression of HOXBS itself
activated the AKT/mTOR pathway and partially reversed the suppressive effect of NaB, positioning
HOXB8 upstream in the AKT/mTOR signaling cascade (Fig. 15A, B).

We then examined key downstream functional proteins regulated by this axis. On one hand, NaB
treatment resulted in a decrease in the Bcl-2/Bax ratio—a crucial indicator that shifts cellular balance
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towards apoptosis (Fig. 15C, D). On the other hand, NaB modulated central mediator of metastasis by
MMP9 (Fig. 15E, F). This expression profile aligns with a suppression of epithelial-mesenchymal
transition (EMT) and invasive capacity. Importantly, all these molecular changes induced by NaB—the
pro-apoptotic shift along with anti-EMT modulation—were significantly counteracted by HOXBS8
overexpression.

Collectively, our findings from both computational biology and lab experimentation delineate a novel and
coherent signaling axis in colorectal cancer. We propose that sodium butyrate suppresses aggressive
cellular behaviors by directly or indirectly inhibiting the expression of the oncogenic transcription factor
HOXBS8, which is hyperactive in cell populations characterized by poor prognosis and low butyrate
metabolism. This inhibition of HOXB8 subsequently leads to the inactivation of the AKT/mTOR pathway,
ultimately modulating its downstream regulators involved in apoptosis and metastasis to impede tumor
progression. This mechanistic insight bridges the gap between microbial metabolite sensing,
transcriptional reprogramming, and canonical oncogenic signaling, thereby providing a more
comprehensive understanding of butyrate's role in colorectal cancer.

4 Discussion

This research integrates multi-algorithmic single-cell metabolic scoring strategies and functional
experiments to comprehensively and systematically expound on the novel role of butyrate metabolism in
the progression of CRC. Our findings demonstrate that the impairment of butyrate metabolism in tumor
epithelial cells is not merely an incidental phenomenon but an active driving force behind malignancy. It
is closely associated with poor prognosis, stem-cell-like characteristics, enhanced proliferation, and the
remodeling of the tumor microenvironment (TME). This metabolic reprogramming operates via a well-
defined NaB/HOXB8/AKT/mTOR signaling axis, thereby uncovering potential therapeutic targets on CRC.

Butyrate has shown remarkable anticancer efficacy in diseases such as CRC, endometrial cancer, and
pancreatic cancer [87—-89]. However, the underlying mechanisms vary significantly. An increasing body
of evidence suggests that cancer represents a disease of cell identity crisis, where differentiated cells
lose their original characteristics and acquire features typical of precursor cells [90, 91]. A central
discovery of our study is the identification of a tumor epithelial cell subpopulation characterized by low
butyrate-metabolism activity (LowBTAepis), which is strongly associated with poor clinical outcomes.
Further characterization reveals that the LowBTAepis subpopulation exhibits a more invasive phenotype.
Evidence includes their enrichment in the early stages of the pseudotime trajectory, higher stemness
scores, enhanced proliferative capacity, and distinct copy number variation (CNV) characteristics. This
indicates that LowBTAepis represents a highly malignant cell state with progenitor-like features, whose
malignant behavior is driven by metabolic reprogramming that diverges from normal butyrate utilization.

Our research further uncovers the key molecular mediator linking abnormal butyrate metabolism to the
malignant phenotype of tumors: the transcription factor HOXB8. HOXB8 belongs to the highly conserved
HOX gene family. As a transcription factor, it plays a pivotal role in cell proliferation, differentiation, and
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migration by binding to the regulatory regions of specific genes [92]. HOXBS is significantly upregulated
in CRC tissues, and its expression level is closely correlated with advanced clinical stages, lymph node
metastasis, and distant metastasis, suggesting its role as an important oncogene [93]. To elucidate the
role of HOXB8 in butyrate metabolism, we conducted a regulatory activity analysis and discovered that
HOXB8 exhibits high activity in LowBTAepis. Subsequent functional experiments demonstrated that
treatment with sodium butyrate (NaB) significantly inhibits the expression of HOXB8 in HCT116 cells in a
dose-dependent manner. Importantly, functional rescue experiments underscored the pivotal role of
HOXB8: when HOXBS is forcibly overexpressed in the presence of butyrate, the anti-proliferative, anti-
migratory, and anti-invasive effects induced by NaB are markedly diminished. This finding provides direct
evidence that downregulation of HOXBS8 is a crucial and integral step for butyrate to exert its anti-cancer
effects.

Having established the functional significance of HOXBS8, we further explored its downstream signaling
pathways. The AKT/mTOR signaling axis is one of the most frequently activated pathways in human
cancers. It plays a central role in tumor growth, metastasis, and treatment resistance by promoting cell
survival, proliferation, metabolic reprogramming, and resistance to apoptosis [94]. Our research results
indicate that treatment with sodium butyrate (NaB) effectively inhibits the phosphorylation and
activation of the AKT/mTOR pathway, and this effect is also contingent upon the downregulation of
HOXBS8. Further investigations revealed that this butyrate-HOXB8-dominated signaling axis, by regulating
the AKT/mTOR pathway, influences a series of key apoptosis- and invasion-related proteins downstream.
Specifically, it significantly reduces the ratio of the anti-apoptotic protein Bcl-2 to the pro-apoptotic
protein Bax and simultaneously inhibits the expression of matrix metalloproteinase MMP-9 [95]. These
changes functionally promote apoptosis in cancer cells and weaken their ability to degrade the
extracellular matrix. Collectively, our research outlines a complete NaB/HOXB8/AKT/mTOR signaling
axis.

Beyond the intracellular effects, our study also elucidates how butyrate metabolism shapes the TME
through intercellular communication. CellChat analysis indicates that LowBTAepis engages in specific
communication with stromal cells such as myeloid cells and fibroblasts via specific ligand-receptor
pairs, including SPP1-CD44 and the MDK-related signaling axis derived from fibroblasts. Previous
research has shown that SPP1 (osteopontin), a multifunctional, secreted, and phosphorylated
glycoprotein, not only serves as a key factor in cell adhesion but also initiates a potent signaling event
upon binding to CD44. This signaling axis has been shown to promote tumor cell survival, proliferation,
and chemoresistance by activating the PI3K-AKT and MAPK pathways, while directly regulating the
polarization of myeloid cells towards an immunosuppressive M2-like phenotype [96]. Midkine (MDK), a
heparin-binding growth factor enriched in cancer-associated fibroblasts (CAFs), activates multiple pro-
survival pathways, including PI3K-AKT, by binding to its receptors (such as ALK, PTPRZ1, etc.), directly
stimulating tumor growth and participating in angiogenesis and immune regulation [97]. Spatial
transcriptomics analysis further validates the close spatial colocalization between LowBTAepis and
fibroblasts in tissue sections and, through the MISTy framework, reveals the coordinated activation and
spatial hierarchical interactions of multiple oncogenic pathways (such as TNFa, TGFB, EGFR, MAPK, NF-
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KB, and hypoxia signaling) within LowBTAepis-enriched regions. These pathways engage in crosstalk,
jointly promoting tumor progression [98, 99]. These findings underscore the central role of butyrate
metabolic status in coordinating intercellular communication and the signaling pathway network within
the TME.

Machine learning approaches have demonstrated substantial potential in predicting survival, recurrence,
and metastasis in CRC, holding significant clinical translational implications [100, 101]. To translate
basic research findings into potential clinical applications, we utilized machine learning algorithms to
develop and validate a robust BTA risk score model based on the signature genes of LowBTAepis. This
model has demonstrated excellent prognostic prediction performance across multiple independent
cohorts. Notably, high-risk scores are associated with upregulated expression of immune checkpoint
molecules and increased infiltration of effector immune cells. However, this is accompanied by higher
TIDE scores and lower immunotherapy response rates, suggesting a complex immune state of "immune
enrichment with functional inhibition" within this subgroup. This may be attributed to the fact that
although effector immune cells are recruited to the tumor site, their functions are rendered inactive or
exhausted due to the combined effects of an inhibitory metabolic environment and immunosuppressive
cells, ultimately leading to resistance to immunotherapy [102]. Leveraging pharmacogenomic databases,
we employed computational biology methods to predict potential small-molecule therapeutic strategies
for patients with high-risk BTA scores. The analysis results suggest that drugs such as Brivanib (a dual
inhibitor of FGFR/VEGFR) and RGFP966 (a selective HDAC3 inhibitor) may exhibit higher sensitivity in
patient models with this molecular signature [103, 104].

This study has certain limitations. Despite integrating multiple datasets, the sample size remains a
factor that requires further expansion. The upstream mechanism by which butyrate precisely regulates
HOXB8 remains an area that demands further exploration. Additionally, the generalizability of the BTA
risk model across different ethnic groups and cancer stages represents an important avenue for future
research.

5 Conclusions

In conclusion, this study reveals that butyrate metabolism drives the malignant evolution of an invasive
epithelial cell subpopulation with high stemness and proliferation potential, mediated by HOXBS. It also
shapes the microenvironment conducive to tumor growth by remodeling intercellular communication
and the signaling pathway network. The NaB/HOXB8/AKT/mTOR axis elucidated herein and the
developed BTA risk model offer invaluable insights and resources for understanding the pathogenesis of
CRC and for the development of novel metabolic intervention and stratified treatment strategies.
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Single-Cell Transcriptional Landscape of Colorectal Cancer

(A) Uniform Manifold Approximation and Projection (UMAP) visualization of colorectal cancer patients,
displaying distinct cell populations. Clockwise from the top left, inset panels depict variations in cell
cycle status, butanoate metabolism score, stemness score, and CNV score, providing insights into
functional and genomic diversity among tumor cells.

(B) UMAP representation of single-cell transcriptomic data, colored by patient ID. This plot illustrates
patient-specific clustering, highlighting the impact of batch effect correction using Harmony and
capturing inter-patient variability. The colored tracks (from outside to inside) represent TP53 status,
BRAFmutation status, tumor stage, APCmutation status, KRAS mutation status, tissue origin, MSI status,
gender, and tumor location, offering a comprehensive view of the clinical and genetic landscape.
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Decreased Butanoate Metabolism Score in Tumor Epithelial Cells and Its Prognostic Significance

(A) Bubble plot displaying butanoate metabolism scores across different cell types using various
computational scoring approaches.

(B) Kaplan—Meier survival curves illustrating the prognostic impact of butanoate metabolism scores on
overall survival (0S) and disease-free survival (DFS) in the TCGA cohort.

(C) Violin plots depicting the distribution of butanoate metabolism scores across various cell types,
highlighting metabolic heterogeneity in colorectal cancer.
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Figure 4

tories of Tumor Epithelial Cells with Distinct Butanoate Metabolism Profiles

Evolutionary Trajec

(A-C) Pseudotime trajectory analysis of tumor epithelial cells using Monocle 2. Each dot represents a

single cell, color-coded by its inferred differentiation timeline (A), pseudotime-defined cellular state (B),

and high or low butanoate metabolism (C).
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(D) Heatmap illustrating the temporal expression dynamics of butanoate metabolism-associated genes
along the pseudotime trajectory.

(E-F) Bar plots comparing pseudotime state distributions (E) and cell cycle phase proportions (F)

between tumor epithelial cells with high and low butanoate metabolism scores.

(G) CytoTRACE analysis quantifying differentiation potential in tumor epithelial cells.

(H-1) Raincloud plots illustrating differences in CytoTRACE scores (H) and CNV burden (l) between tumor
epithelial cells with high and low butanoate metabolism scores, revealing their association with

differentiation potential and genomic alterations.

(J) Heatmap displaying inferCNV profiles of tumor epithelial cells with high and low butanoate

metabolism scores, highlighting genomic instability patterns.
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(A) Inferred incoming and outgoing signaling patterns among distinct cell types in the colorectal cancer
tumor microenvironment (TME), highlighting communication differences between tumor epithelial cells
with high and low butanoate metabolism scores. The visualization highlights the predominant
intercellular communication networks shaping the tumor microenvironment.

(B) Network representation of intercellular communication, where nodes denote distinct cell
subpopulations and edge thickness corresponds to the strength of inferred signaling interactions.

(C) Dot plot illustrating ligand-receptor interactions across all cell types in colorectal cancer, providing an
overview of intercellular communication within the TME.

(D) Bar plot quantifying the number of cell types engaging in communication with the BTa groups,
demonstrating its interaction landscape within the tumor microenvironment.
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Figure 6

Transcriptional and Metabolic Dynamics in Tumor Epithelial Cells With Distinct Butanoate Scores

(A) Dot plot illustrating transcription factor activity across tumor epithelial cells with high and low
butanoate metabolism scores, inferred through SCENIC analysis. The intensity of color represents the
average regulon activity, providing insights into key regulatory networks shaping cellular states.

(B) Dot plot depicting metabolite abundance across tumor epithelial cells with distinct butanoate
metabolism scores. The analysis incorporated 70 significantly altered metabolic modules and their
associated metabolites, highlighting metabolic variations.

(C) Volcano plots comparing metabolic activity between tumor epithelial cells with high and low
butanoate metabolism scores. Key metabolites within Propionyl-CoA metabolism, BCAA metabolism, N-
linked glycan synthesis, and Glycolysis-TCA cycle are highlighted to reveal metabolic distinctions.

Image not available with this version

Figure 7

Spatial Transcriptomic Analysis of Distinct Cell Types in the Colorectal Cancer Tumor
Microenvironment

(A-B) Spatial clustering of colorectal cancer tissue, highlighting architectural heterogeneity and distinct
cellular compartments within the tumor microenvironment.

(C) Spatial feature plot mapping butanoate metabolism activity, revealing region-specific metabolic
landscapes within the tumor milieu.

(D) Cell2location-based spatial deconvolution mapping fine-scale cellular heterogeneity, enabling high-
resolution reconstruction of cell-type distributions within the tumor.

(E) Heatmap illustrating intercellular dependency analysis within co-localized, neighboring, and extended
neighboring (15-point) regions.
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Image not available with this version

Figure 8

Regulatory Module Analysis of Spatial Transcriptomic Data

(A) Classification of regulon modules based on the Connection Specificity Index (CSI) matrix,
highlighting key transcription factors, their respective DNA-binding motifs, and the corresponding
associated cell populations.

(B) Spatial distribution of activity scores for Module 3, which is specifically linked to low butanoate
metabolism, mapped onto spatial transcriptomic data to reveal its tissue-specific activation patterns.

(C) Transcription factor network within Module 3, depicting key regulatory interactions.

Image not available with this version

Figure 9

Spatial Trajectory Inference of Tumor Epithelial Cells With Distinct Butanoate Metabolism

(A-C) The pseudo-time spatial trajectory algorithm was applied to delineate the spatial evolution
trajectories of tumor epithelial cells within the ST GSE225857 dataset, revealing dynamic cellular
transitions and lineage progression.
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Image not available with this version

Figure 10

Selective Ligand-Receptor Coordinated Cell Interactions in Spatial Transcriptomic Data

(A) Scoring and spatial co-localization analysis of specific ligand-receptor pairs, highlighting their
distribution and potential functional relevance.

(B) Analysis of interaction strength of specific ligand-receptor pairs across different cell types, revealing
variations in intercellular communication patterns.

(C) Chord diagram illustrating spatial communication mediated by specific ligand-receptor pairs among
different cell types, depicting key intercellular signaling relationships.

(D) Spatial trajectory-associated genes identified at ST-C1, ST-C2 and ST-C3, with negatively correlated
genes highlighted in yellow and positively correlated genes in blue, elucidating spatially regulated gene
expression dynamics.

Image not available with this version

Figure 11

Development and Validation of a Consensus Signatures Using Machine Learning-Based Integration
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(A) The Boruta algorithm pinpointed seven key marker genes associated with butanoate metabolism.
Features validated with high confidence are depicted in deep blue, while shadow attributes are
represented in other colors. The accompanying boxplots illustrate variations in the concordance index
(C-index) values, offering insights into feature robustness and predictive efficacy.

(B) Comparison of the C-index of 101 machine-learning models across the TCGA cohort and the two
external evaluation cohorts, GSE17536 and GSE39582.

(C) Kaplan—Meier survival analysis according to the selected CoxBoost + RSF model in the TCGA,
GSE17536, and GSE39582 cohorts.

(D) Time-dependent ROC curves illustrating the predictive accuracy of the risk model for 0S at 1, 3, and 5
years.

Page 42/48



GSE91061 B GSE91061 C GSE91061 PRJEB23709
State N ER Response BN - R Strata™ High Risk Score * Low Risk Score Strata™ High Risk Score ® Low Risk Score

g

.00 -
=0.0241
100% s

-117

°
o

75% -118

-119

Percentage
Risk score

°

Survival probability
Survival probability

-120

S~ .

e
14

P <0.0001
-121

1
I
1
1
p=0032 1
1
1
1

000 -

@“’Q @"Q > < ’ “° Time in da;? e ° . Time in da;nsu e
& &80
&®
& &
B (o4
BRD-K64610608 -- - — - - — — = = = — = — = — = — —
. ] ==
= 0.50 #
>
o MLO31- === == === === — = ) 3
o, S e == ==
£ +
brivanib -+ = = = = = = = = = = = =
5 . :
. 2 0.40
hyperforin - = = = = = = = = - - — - ° £
&
N9-isopropylolomoucine -- = = = = = = = = = - = ° 0.35
MER-3 - - = = == = = = — = = - & & N
s : ,\é’g & {\0‘\ &
0.0 -0.3 Q‘b «& *Qz A\
Correlation coefficient 0;{. N
QQ-
R
X BX BN RT &
=logyp ( P —value) ‘\tb
E CRX K . 10 G
' High Risk Score LowRisk Score
sk ok ok ok . . ok
PF-04136309 - - = = — = — = = — — = — —— = —————— o 0.25 =
g = = =
thiocolchicoside - = = = = = = = = = = = = = = - = = — - -~ ‘ S 020 #
2]
E romidepsin -- = = = = = = = = = = = = = = = - - = . 2
<
(2} 5 0.15 o
[ adapalene- - - - - = — == - = — = — - — - - - [ ) 2
o £
=
RGFP966 -~ = = = = = = = = = = = = = = — ) & 010
eltrombopag------=-=-=-=-=---- - [ ] 0.05 e
clonazepam - - - - = - - = - - - - - - \é@ Q,,é‘ Q@‘) 6’5& Q%é’ Q,}“ é}bﬁ
o' ° ) 0
00 0.3 R & & hbx"h: QS’Q ‘(\\b <
Correlation coefficient K 5 \\‘0 < O e
o Q < &
&
~logio (P-value) @ s @ 7 @ s @ . 13 Il High Risk Score ] Low Risk Score
3
2
o
>
Q
3 group group group
= = High Risk Score = High Risk Score = High Risk Score
@ Low Risk Score Low Risk Score Low Risk Score
2
©
£
& 4 <
0.20 01 0.2 0.3 0.4 0.2 0.3
- « height [cm] height [cm]
g £
g ) = ——
¢ 0.25 0.30 0.35 °© 0.1 0.2 0.3 0.4 0.25 0.30 0.35 0.40 045

Figure 12

Predicting Immunotherapy Response and Drug Sensitivity Based on Risk Score Model

(A) Bar plot comparing immunotherapy response rates between high-risk and low-risk groups in the
GSE91061 cohort.
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(B) Raincloud plot illustrating differences in risk scores between responders and non-responders in the
GSE91061 cohort.

(C) Kaplan-Meier survival curves evaluating the prognostic significance of the risk score model in
patients from the GSE91061 and PRJEB23709 cohorts.

(D-E) Spearman’s correlation analysis and differential drug response analysis for compounds derived
from the CTRP dataset (D) and the PRISM dataset (E), assessing the relationship between the risk score
model and drug response variability.

(F-G) Drug sensitivity analysis for CTRP-derived compounds (F) and PRISM-derived compounds (G),
demonstrating differential therapeutic responses between high-risk and low-risk groups. Lower y-axis
values indicate greater drug sensitivity (*p < 0.05; **p < 0.01; ***p < 0.001).

(H) Estimated drug response differences between high-risk and low-risk groups for Cucurbitacin |,
Oligomycin A, and ML21, highlighting potential therapeutic vulnerabilities.

Image not available with this version

Figure 13

Sodium butyrate (NaB) suppresses the proliferation, migration, and invasion of HCT116 cells.

(A) Cell proliferation assessed by CCK-8 assay was progressively inhibited with increasing doses of NaB
(2, 4,8 mM) and incubation time (24, 48, and 72 h).

(B) Quantitative analysis of the wound healing assay showed that treatment of HCT116 cells with NaB
for 48 h dose-dependently reduced the relative migration area.

(C) Representative images of the wound healing assay.

(D) Representative images of the Transwell invasion assay.

(E) Quantitative analysis of invaded cells demonstrates that treatment of HCT116 cells with NaB for 48 h
dose-dependently inhibited HCT116 cell invasion.

(F) Representative Western blot images and quantitative analysis showing that NaB treatment for 48 h
dose-dependently reduced HOXBS8 protein expression in HCT116 cells, with protein levels normalized to
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GAPDH. Data are presented as the mean + SEM from at least three independent experiments. *p < 0.05,
**p < 0.01, ***p < 0.001, ****p < 0.0001. Full-length blots/gels are presented in additional file 2,
Supplementary Figure S9
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Figure 14

HOXB8 mediates the inhibitory effects of sodium butyrate on HCT116 malignant phenotypes.
(A) Proliferation of HCT116 cells under different conditions: Control (untreated), OE-HOXB8 (HOXBS-
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overexpression), NaB (sodium butyrate treatment), and NaB + OE-HOXB8(HOXB8-overexpression with
sodium butyrate treatment).

(B) Quantitative analysis of cell migration.

(C) Representative images of cell migration under different conditions.

(D) Representative images of cell invasion under different conditions.

(E) Quantitative analysis of cell invasion.

All data are presented as the mean = SEM (n = 3). One-way ANOVA was used for data analysis. *p < 0.05,
**p < 0.01, ***p < 0.001, ****p < 0.0001.

Page 46/48



AKT S S S S—
P-AKT v ammmmy e w—

MTORMES S SN W=

P-mTOR S= S, s S—

Bax s s D S
BCl2 sm— S s—
action S

E HOXBS s v m—
B-actin GGG a—

MVIP-Q S S s S

B-actin DG —
N g@® O yed
ot ex\o*%,,o@ 0"
o “@ 6"0
$°

Figure 15

vy

N
o
1

-
(3}
1

Relative protein levels
o -—
3] =)
1 1

o
o
l

- - N
o [3,] o
1 1 ]

Relative protein levels U
e
A
1

e
o
l

-

Relative protein levels

*kk

I *kk

mm OE-NC
= OE-HOXBS8
=1 NaB+OE-NC

=3 NaB+OE-HOXBS8

Fkk
o

Fkk I

Il

AKT P-AKT

mTOR p-mTOR

*kk

bax2

*%k%k

1
bcl2

illal

T
HOXB8

MMP9

NaB inhibits AKT/mTOR signaling in HCT116 cells in association with HOXB8 suppression
(A) Western blot analysis of phosphorylated AKT (p-AKT Ser473), total AKT, phosphorylated mTOR (p-

mTOR), total mTOR.

(B) Quantitative analysis of the gray value ratio of p-AKT/AKT and p-mTOR/mTOR,
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(C) Western blot analysis of apoptosis-related proteins (Bcl-2/Bax),

(D) Quantitative analysis of the gray value ratio of apoptosis-related proteins (Bcl-2/Bax),

(E) Western blot analysis of HOXB8 and metastasis-related protein MMP9.

(F) Quantitative analysis of the gray value ratio of HOXB8 and metastasis-related proteins MMP9.

Data were analyzed using one-way ANOVA. *p < 0.05, **p < 0.01, ***p < 0.001. Full-length blots/gels are
presented in additional file 2, Supplementary Figure S9.
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