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Integrative subtyping by bile acid
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UGT2A3/ZG16 as markers of
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Peng Zheng1, Qifeng Yang2, Ke Wang3 and Gang Mao4*
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Background: Colorectal cancer (CRC) is the primary driver of cancer-related
death and illness across the world. Despite the full-scale shift of the treatment
approach for some colorectal cancer patients due to the use of immune
checkpoint inhibitors (ICIs), primary resistance still poses a huge challenge to
clinicians. Bile acid metabolism is involved in the pathogenesis of CRC. However,
its particular function in shaping the tumor immune microenvironment (TIME)
and its effect on prognosis and immune treatment response remain unclear.
Methods: Based on the transcriptome and clinical data from The Cancer
Genome Atlas-Colon Adenocarcinoma (TCGA-COAD) cohort, we performed
unsupervised consensus clustering and classi�ed patients into different
molecular subtypes according to bile acid metabolism. We subsequently
compared overall survival (OS), immune cell in�ltration levels, and differentially
expressed genes among the subtypes. In addition, protein–protein interaction
(PPI) network and Cox proportional hazards regression were used to identify key
hub genes. Finally, the expression of these crucial hub genes was validated in the
Gene Expression Omnibus (GEO) cohort and independent clinical patients.
Results: The bile-low group showed a signi�cant reduction in OS time (p =
0.0049). The in�ltration levels of CD8+ T cells (p < 0.05) and M1 macrophages (p
< 0.01) were signi�cantly higher in the bile-low group than in the bile-high group.
We identi�ed three key genes—CLCA1, UGT2A3, and ZG16—and found that they
all were downregulated in tumor tissues across the TCGA-COAD and GEO
datasets, as well as in independent clinical samples. Survival analysis showed
that high CLCA1 expression was signi�cantly associated with favorable overall
survival (p < 0.001), whereas UGT2A3 (p = 0.23) and ZG16 (p = 0.17) did not reach
statistical signi�cance. The three hub genes were negatively correlated with the
(TIDE) score (CLCA1: R = � 0.24, p < 0.001; UGT2A3: R = � 0.15, p = 0.0022;
ZG16: R = � 0.14, p = 0.0039).
Conclusion: Our �ndings suggest that bile acid metabolism could shape the
TIME via key genes CLCA1, UGT2A3, and ZG16, and subsequently modify CRC
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prognosis and immunotherapy responses. These genes may serve as potential
prognostic indicators and mechanistic mediators linking bile acid metabolism to
T-cell dysfunction, offering insights for future combination strategies targeting
the metabolism–barrier–immunity axis.
KEYWORDS

bile acid metabolism, CLCA1, colorectal cancer, tumor immune microenvironment,
UGT2A3, ZG16
1 Introduction

Colorectal cancer (CRC) is a common malignant tumor
worldwide. Based on the 2023 global cancer statistics, there are
more than two million new cases of colorectal cancer and nearly one
million cancer-related deaths per year, imposing a substantial
burden on the global healthcare system (1–3).

CRC exhibits genetic instability and marked heterogeneity.
The advent of immune checkpoint inhibitors (ICIs) represents a
signi�cant advance in the treatment of patients with advanced CRC
and high microsatellite instability (MSI-H) (4, 5). These drugs
improve patient survival by mitigating the immunosuppressive
state induced by tumors (6–8). Nevertheless, the issue of “primary
resistance” persists in clinical practice, and only a small proportion
of patients derive bene�t from ICIs (9).

Bile acids are signal-conveying molecules within the
gastrointestinal tract. Beyond their essential role in lipid metabolism,
bile acids also substantially in�uence the development of CRC,
particularly when bile acid metabolism is dysregulated (10–12).
Recent studies have reported that abnormal bile acid accumulation
may foster tumor invasion and proliferation in CRC cells by regulating
several mechanisms, including activation of nuclear receptors,
induction of intestinal in�ammation, and promotion of DNA
damage (13–15). Previous investigations have shown that, in CRC,
deoxycholic acid (DCA) remodels the tumor immune
microenvironment (TIME) through synergistic mechanisms:
upregulating EGFR via the PI3K/AKT pathway to in�uence CD8+

T-cell activity; inhibiting tumor protein p53 through ERK1/2
activation, thereby reducing the antitumor immune effect; and
upregulating b-linked proteins to promote the proin�ammatory
differentiation of regulatory T cells (16).

Currently, the TIME is recognized as the most critical factor in
CRC prognosis and response to ICIs (17–20). Bile acid metabolism
may in�uence TIME by regulating immune cell in�ltration and
cytokine secretion (10, 11, 21), and it may also coordinate dynamic
interactions among host metabolism, intestinal barrier integrity,
and local immunity(metabolism–barrier–immunity axis) (22).
Nevertheless, the precise mechanism linking bile acid metabolism
to the tumor immune microenvironment in CRC remains unclear.

Furthermore, a systematic identi�cation of key functional genes
operating at the intersection of bile acid metabolism and tumor
02
immune regulation is still lacking. Most prognostic models or
biomarkers in CRC are not derived from dedicated analyses of this
speci�c metabolic pathway. Therefore, it is essential to employ a
pathway-centric bioinformatic strategy to unbiasedly screen for
hub genes within the bile acid metabolism network, which may
serve as novel prognostic indicators and reveal mechanisms of
immunotherapy resistance.

This study aims to systematically explore the role of bile acid
metabolism in shaping the CRC TIME and to identify key functional
genes involved in this process using bioinformatic methods
(Figure 1). We anticipate that the results will reveal factors linking
metabolism to immune phenotypes and provide insights for
developing re�ned combination immunotherapy strategies.
2 Materials and methods

2.1 Data source

We obtained Transcripts Per Million (TPM)-normalized RNA
sequencing (RNA-seq) data for Colon Adenocarcinoma (COAD) via
The Cancer Genome Atlas (TCGA) data portal (https://
portal.gdc.cancer.gov/). A total of 524 samples were downloaded,
comprising 455 tumor samples and 69 normal samples (23).
Corresponding clinical data were retrieved from the UCSC Xena
database (https://xenabrowser.net/), which initially included 530
samples. Duplicate samples were removed, and only those
overlapping with the RNA-seq dataset were retained. Samples
lacking clinical information were excluded, resulting in a �nal
cohort of 480 patients, including 431 tumor samples and 49
normal samples. For validation, we obtained the GSE39582
dataset from the Gene Expression Omnibus (GEO) database
(www.ncbi.nlm.nih.gov/geo/). After removing duplicates and
samples with missing values, the dataset comprised 566 tumor
cases and 19 normal cases. All data processing was performed
using R software (v4.5.1), without applying batch correction. TCGA
data were extracted and processed using the R package tidyverse
(2.0.0); gene expression levels were in TPM format and were �nally
processed by taking the log2 + 1 value. The GSE39582 dataset was
extracted and processed using the R package GEOquery (v2.76.0),
and probe identi�ers were converted using the corresponding
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GPL570–55999 platform annotation �les obtained from the of�cial
GEO website.
2.2 Molecular subtyping based upon the
bile acid metabolism pathway

We secured the gene set “HALLMARK BILE ACID
METABOLISM” from the Molecular Signatures Database
(MSigDB; https://www.gsea-msigdb.org/gsea/msigdb) (24), which
is a curated compilation of genes speci�cally associated with bile
acid metabolic mechanisms. Using this gene set, we calculated the
bile acid metabolism gene-set score for each specimen. To identify
molecular subtypes of COAD associated with bile acid metabolism,
we performed unsupervised consensus clustering on �ltered COAD
samples via the ConsensusClusterPlus (k = 6, 1,000 resampling
iterations) package (v 1.72.0) in R (25). Taking into account the
above analyses and the statistical power required for subsequent
survival analyses, immune in�ltration comparison, and other
statistical tests for each subgroup, we ultimately classi�ed COAD
patients into distinct molecular subtypes.

To assess the robustness of the molecular typing results, we used
two independent Kyoto Encyclopedia of Genes and Genomes
(KEGG) pathway gene sets for validation: the bile secretion
pathway and the primary bile acid biosynthesis pathway (data
obtained using the R package KEGGREST v1.48.1). Pathway
activity scores were calculated as the average expression levels of
genes within each pathway, after which correlations with the
Frontiers in Oncology 03
original Hallmark pathway scores were evaluated. Survival
analysis was then conducted based on strati�cation using these
gene sets. All three enrichment scores were calculated using GSVA
implemented in the R package GSVA (v2.2.0).
2.3 Survival analysis across subgroups and
Cox analyses of bile acid metabolism score

Survival and immune in�ltration analyses of molecular
subtypes based on bile acid metabolism were performed. Overall
survival (OS) was de�ned as the study endpoint, and Kaplan–Meier
survival curves were generated for each molecular subtype.

The log-rank (Mantel–Cox) test was used to compare survival
differences among subtypes, and a two-sided p < 0.05 was
considered statistically signi�cant. Moreover, the connection
between the continuous bile acid metabolism score and patient
survival was evaluated using multivariate Cox proportional hazards
regression, with results reported as hazard ratios. All statistical
analyses and visualizations were conducted in R using the packages
ggplot2 (v3.5.2), survminer (v0.5.0), and survival (v3.8-3).
2.4 Analysis of immune in�ltration
landscape via CIBERSORT and xCell

We employed the Cell-type Identi�cation By Estimating Relative
Subsets Of RNA Transcripts (CIBERSORT) algorithm to estimate the
FIGURE 1

Graphical abstract.
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relative percentages of 22 immune cell types (using the LM22 signature
matrix; downloaded from https://cibersort.stanford.edu/). Only
samples with a deconvolution p-value < 0.05 from the
CIBERSORT output were retained (perm = 100). The main
differences in immune cell proportions among subgroups were
compared using a two-sided Wilcoxon test, with p < 0.05
indicating statistical signi�cance. All computations were
implemented in R using the packages e1071 (v1.7-16),
preprocessCore (v1.70.0), ggplot2 (v3.5.2), pheatmap (v1.0.13),
and parallel (base package). To verify the stability of the above
results, we further applied the xCell algorithm to 431 samples using
the xCell package (v1.1.0) and then extracted the immune cell-
related data for downstream analysis.
2.5 Sorting of differentially expressed
genes and functional enrichment analysis

We identi�ed differential expression genes (DEGs) by
comparing gene expression differences across subgroups using the
limma package (v3.64.3) in R. The selection criteria were |log2(fold
change)| > 1 and an adjusted FDR < 0.05. KEGG enrichment
analysis and Gene Ontology (GO) pathway enrichment analysis
of DEGs were performed using the clusterPro�ler (v4.16.0) and
enrichplot (v1.28.4) R packages (26, 27).
2.6 Spotting and selection of hub genes

To prioritize biologically relevant and prognostically signi�cant
genes, we employed a stringent two-step �ltering strategy. First, 70
DEGs were submitted to the STRING online database (28) (https://
string-db.org), and a PPI network was constructed using Cytoscape
software (v3.9.1). The top 20 genes with the highest degree values
were selected using the “Degree” algorithm within the PPI network.
Moreover, Cox analysis (R package survival, v3.8-3) was performed
on the 70 identi�ed DEGs to screen for genes signi�cantly
associated with OS, using a two-sided Wald test with p < 0.05 as
the signi�cance threshold (without adjustment for multiple testing).
The �nal hub genes for validation were de�ned as the intersection of
two gene sets.
2.7 Survival analysis along with immune
environment analysis

Based on the screened key genes, all patients were strati�ed into
high- and low-expression groups. Survival analysis was performed
between the two subgroups. The extent of immune cell in�ltration
in each subgroup was analyzed using a two-sided Wilcoxon test (p <
0.05 was considered statistically signi�cant). In addition, the bile-
acid metabolism score (single-sample Gene Set Enrichment
Analysis (ssGSEA); same method as described in Section 2.1) was
Frontiers in Oncology 04
compared between the two groups. Spearman correlation analysis
(implemented using the stats package in R) was employed to
examine correlations between gene expression levels and key T-
cell chemotactic factors (C-X-C motif chemokine ligand 9
(CXCL9), C-X-C motif chemokine ligand 9 (CXCL10)). The R
packages used for survival analysis and the Wilcoxon test were the
same as those described previously.
2.8 Prediction regarding immunotherapy
response

All samples ’ standardized expression matrices (gene
expression z-scores) were uploaded to the online Tumor
Immune Dysfunction and Exclusion (TIDE) platform (link:
http://tide.dfci.harvard.edu/), and relevant metrics, including the
TIDE score, dysfunction score, and exclusion score, were obtained
for each sample. According to the developer’s recommendations, a
TIDE score > 0 indicated a predicted nonresponder, whereas a score
� 0 indicated a predicted responder. Differences in TIDE scores
between expression-de�ned groups were assessed using the
Wilcoxon rank-sum test, and correlations between TIDE scores
and gene expression levels were evaluated using Spearman
correlation analysis (29). In addition, the associations between the
expression levels of CLCA1, UGT2A3, and ZG16 and bile acid
metabolism pathway activity (ssGSEA score) were examined using a
two-sided Wilcoxon rank-sum test and a two-sided Spearman
correlation analysis.
2.9 Validation of crucial gene expression
patterns

2.9.1 Validation of hub gene expression patterns
in TCGA-COAD and GEO cohorts

To validate the differential expression of the identi�ed hub
genes, we evaluated the expression of three hub genes between
tumor and normal samples in TCGA-COAD and GSE39582
datasets. A two-sided Wilcoxon rank-sum test was applied, and p
< 0.05 was considered statistically signi�cant.

2.9.2 Testing the expression of the hub gene in
clinical specimens via quantitative real-time PCR
2.9.2.1 Clinical specimens

Twenty clinical samples (tumor tissues and their paired
ad jacent normal t i ssues) were col lec ted from colon
adenocarcinoma patients who underwent curative surgical
resection at the Hospital of Chengdu University of Traditional
Chinese Medicine. Adjacent normal tissues were obtained from
tissue parts � 5 cm away from the tumor margin. All specimens
were stored at � 80°C for subsequent experimental analyses.

Applied Biosystems’ real-time PCR system (Foster City, CA,
USA) was used to carry out qRT-PCR on all specimens. A melt-
frontiersin.org
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curve analysis followed the ampli�cation pro�le to verify the
speci�city of the ampli�cation. The 2^(�DDCt) method was used
to calculate the relative expression level of target genes
(endogenous: glyceraldehyde-3-phosphate dehydrogenase
(GAPDH)). The statistical signi�cance of expression between
tumor and normal samples was evaluated via the Wilcoxon test.

2.9.2.2 Related reagents as well as consumables
The related reagents and consumables used in this study

included RNA extraction solution (Cat. No. 15596-026CN,
Invitrogen (Thermo Fisher Scienti�c, Waltham, MA, USA));
HyperScript™ III RT SuperMix for qPCR, which includes a
gDNA wiper (Cat. No. K1585, APExBIO (Houston, TX, USA));
and HotStart™ 2X Green qPCR Master Mix (Cat. No. K1070,
APExBIO). The primer sequences are listed as follows:

CLCA1: TGGTTGCTGAGTCTACTCCTC (Forward Primer);
TCGTCAAATACTCCCCATCGT (Reverse Primer); UGT2A3:
Frontiers in Oncology 05
GCCTTCGTTAATTGACTACAGGA (Forward Primer);
GTTGATAAGCCTGGCAAGACAT (Reverse Primer); ZG16:
GGGTCCGAGTCAACACATACT (Forward Pr imer ) ;
CACCCACATAGTCGCTCCAC (Reverse Primer); GAPDH:
ACAACTTTGGTATCGTGGAAGG (Forward Primer) ;
GCCATCACGCCACAGTTTC (Reverse Primer).

The primer ef�ciency values ranged from 90% to 110%, with
correlation coef�cients (R2) � 0.99, indicating high ampli�cation
speci�city and reliability.
2.10 Statistical analysis

Continuous variables were analyzed according to the number of
groups. For comparisons between two groups, the Wilcoxon rank-
sum test was used; for comparisons involving more than two
groups, the Kruskal–Wallis test was applied. Categorical variables
FIGURE 2

Results of consensus clustering. (a) Clear block structures are observed at k = 2, 3, and 4, whereas the matrices become fragmented and less
de�ned at k = 5 and 6. Only when k = 2 are the sample sizes of each group relatively large (> 100 patients per group), and the consensus matrix is
clearly delineated. (b) CDF curves show that k = 2 exhibits the largest separation between low and high consensus indices, suggesting strong within-
cluster consensus despite potential concerns regarding overall stability. (c) Cluster-consensus values are relatively high for both k = 2 (all > 0.8) and
k = 4; however, k = 2 demonstrates more stable performance. (d) Item-consensus analysis shows that the peak value is higher when k = 2, although
the �uctuation is slightly greater than that observed at k = 4. For other values of k, pronounced �uctuations are evident.
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were compared using the Chi-square test (c2 test). Correlations
between variables were assessed using Spearman’s rank correlation
analysis. All statistical tests run were two-sided, and a p-value < 0.05
was considered statistically signi�cant.
Frontiers in Oncology 06
3 Results

3.1 Molecular subtyping based on bile acid
metabolism highlights prognostic
heterogeneity

To establish a molecular subtyping system based on bile acid
metabolism, we applied unsupervised consensus clustering to
evaluate clustering schemes with k ranging from 2 to 6. As k
increased, the diagonal of the consensus matrix became
progressively clearer (Figure 2a). The CDF curve exhibited a
distinct separation and clear upward trend at k = 2 (Figure 2b),
while both cluster-consensus and item-consensus analyses indicated
that k = 2 and k = 4 had the highest stability (Figures 2c, d).
Although k = 4 demonstrated comparable stability, k = 2 provided
the advantage of more balanced subgroup sizes (> 100 patients per
group), ensuring suf�cient statistical power for downstream survival
and immune analyses and avoiding potential overstrati�cation.
When k = 2, the patients were divided into two subgroups with
balanced sample sizes (bile-high group, n = 215; bile-low group, n =
216), which enhanced the statistical power of subsequent analyses.
The baseline characteristics of the two subgroups are presented in
Table 1. No signi�cant differences were observed in age (p = 0.774,
Wilcoxon test), gender (p = 0.598, Chi-square test), and tumor stage
(p = 0.292, Chi-square test) between the groups. However, tumor
location differed signi�cantly between the subgroups (p = 0.001,
TABLE 1 Baseline characteristics of patients in the bile-high and bile-
low groups.

Group Bile high
(n = 215)

Bile low
(n = 216) p-value

Age (year, mean ± SD) 66.2 ± 13 66.7 ± 12.6 0.774

Gender (man) 113 (52.6%) 119 (55.1%) 0.598

Pathological stage (cases)

Stage I 33 (19.4%) 33 (18.5%)

0.292

Stage II 77 (45.3%) 65 (36.5%)

Stage III 41 (24.1%) 56 (31.5%)

Stage IV 19 (11.2%) 24 (13.5%)

Unknown 45 (20.9%) 38 (17.5%)

Tumor location (cases)

Left sided 81 (37.6%) 54 (20.5%)

0.001Right sided 83 (38.6%) 120 (55.5%)

Unknown 51 (23.7%) 42 (19.4%)
FIGURE 3

Prognostic signi�cance and validation of the bile acid metabolism score in colorectal cancer patients. (a) Kaplan–Meier overall survival curves for the
bile-high vs. bile-low groups (log-rank test, p = 0.0049). (b) Multivariate Cox proportional hazards model adjusted for age, gender, tumor location,
and stage (HR = 0.13; 95% CI: 0.02–0.73; p = 0.020). (c) Correlation between the Hallmark bile acid metabolism score and KEGG “bile secretion”
pathway scores (Spearman’s r = 0.337, p < 0.001). (d) Correlation between the Hallmark bile acid metabolism score and KEGG “primary bile acid
biosynthesis” pathway scores (Spearman’s r = 0.411, p < 0.001).
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Chi-square test). Therefore, this grouping scheme was adopted for
further analyses. Survival analysis indicated that overall survival was
signi�cantly shorter in the bile-low group compared with the bile-
high group (p = 0.0049, Figure 3a). Multivariate Cox regression
analysis, adjusting for key clinical confounding factors, con�rmed
that this subtyping model was an independent prognostic factor
(HR = 0.13; 95% CI: 0.02–0.73; p = 0.020; Figure 3b). Independent
validation analysis demonstrated that the activity scores of the
KEGG bile secretion pathway and the primary bile acid
biosynthesis pathway were signi�cantly positively correlated with
the original Hallmark bile acid metabolism score (Figures 3c, d;
Spearman’s r = 0.337 and 0.411, respectively; p < 0.001 for both).

3.2 Two nonidentical subtypes possess
different tumor immune microenvironment
pro�les

Based on the results of CIBERSORT, a total of 319 samples
(74% for total samples) had p < 0.05 and were included in the
subsequent immune in�ltration analysis. We examined the immune
Frontiers in Oncology 07
cell in�ltration landscape of these samples (Figure 4a). Correlation
analysis revealed that cytotoxic lymphocytes (CD8+ T cells and NK
cells) were signi�cantly positively correlated (Figure 4b), which may
play an important role in antitumor immunity. Interestingly, the
abundance of CD8+ T cells was negatively correlated with the
abundance of immunosuppressive cells, suggesting a potential
antagonistic relationship between effector and suppressive
immune components. Figure 4c depicts the detailed distribution
of speci�c immune cell types between the two groups
(CIBERSORT). Compared with the bile-high group, the bile-low
group exhibited signi�cantly higher levels of CD8+ T cells and M1
macrophages (p < 0.05, Figure 4c). In addition, the xCell analysis
con�rmed that, in addition to the consistent in�ltration trends of
CD8+ T cells (p < 0.001) and M1 macrophages (p < 0.01) observed
in the CIBERSORT results, B cells (p < 0.05) and CD4+ naive T cells
(p < 0.05) also showed increased in�ltration in the bile-low group
compared with the bile-high group (Figure 4d). These �ndings
provide important information for further exploring the
mechanisms by which bile acid metabolism regulates the function
of speci�c immune cell types.
FIGURE 4

Immune cell in�ltration landscape. (a) Heatmap of immune cell in�ltration scores estimated using CIBERSORT across all samples (n = 319).
(b) Correlation heatmap of immune cell proportions (Spearman’s correlation; *p < 0.05, **p < 0.01, ***p < 0.001). (c) Comparison of immune
in�ltration between the bile-high (n = 137) and bile-low (n = 182) groups using CIBERSORT (Mann–Whitney U test; *p < 0.05, **p < 0.01).
(d) Immune in�ltration comparison using the xCell algorithm (bile-high group: n = 215; bile-low group: n = 216; Mann–Whitney U test; *p < 0.05,
**p < 0.01, ***p < 0.001).
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