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Abstract 

Background  Colorectal cancer (CRC) is the most common gastrointestinal malignancy worldwide, with obesity-
induced lipid metabolism disorders playing a crucial role in its progression. A complex connection exists between gut 
microbiota and the development of intestinal tumors through the microbiota metabolite pathway. Metabolic disor-
ders frequently alter the gut microbiome, impairing immune and cellular functions and hastening cancer progression.

Methods  This study thoroughly examined the gut microbiota through 16S rRNA sequencing of fecal samples 
from 181 CRC patients, integrating preoperative Low-density lipoprotein cholesterol (LDL-C) levels and RNA sequenc-
ing data. The study includes a comparison of microbial diversity, differential microbiological analysis, exploration 
of the associations between microbiota, tumor microenvironment immune cells, and immune genes, enrich-
ment analysis of potential biological functions of microbe-related host genes, and the prediction of LDL-C status 
through microorganisms.

Results  The analysis revealed that differences in α and β diversity indices of intestinal microbiota in CRC patients 
were not statistically significant across different LDL-C metabolic states. Patients exhibited varying LDL-C metabolic 
conditions, leading to a bifurcation of their gut microbiota into two distinct clusters. Patients with LDL-C meta-
bolic irregularities had higher concentrations of twelve gut microbiota, which were linked to various immune cells 
and immune-related genes, influencing tumor immunity. Under normal LDL-C metabolic conditions, the protective 
microorganism Anaerostipes_caccae was significantly negatively correlated with the GO Biological Process pathway 
involved in the negative regulation of the unfolded protein response in the endoplasmic reticulum. Both XGBoost 
and MLP models, developed using differential gut microbiota, could forecast LDL-C levels in CRC patients biologically.

Conclusions  The intestinal microbiota in CRC patients influences the LDL-C metabolic status. With elevated 
LDL-C levels, gut microbiota can regulate the function of immune cells and gene expression within the tumor 
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microenvironment, affecting cancer-related pathways and promoting CRC progression. LDL-C and its associated gut 
microbiota could provide non-invasive markers for clinical evaluation and treatment of CRC patients.

Keywords  16S rRNA, LDL-C, Colorectal cancer (CRC), Gut microbiota, Machine learning, Clinical status

Introduction
According to GLOBOCAN 2020 data from the Interna-
tional Agency for Research on Cancer (IARC), colorec-
tal cancer (CRC) incidence ranks third, following breast 
and lung cancers, while its mortality rate is second only 
to lung cancer. Each year, over 1.9 million new CRC 
cases are predicted globally, with 0.935 million deaths 
[1]. Social and economic development, coupled with 
sedentary lifestyles and increased consumption of ani-
mal-derived foods, leads to reduced physical activity and 
obesity, which are independently related to CRC risk [2]. 
Although the mechanisms underlying CRC are unclear, 
research shows that obesity and sedentary lifestyles may 
cause lipid metabolism disorders [3, 4]. Additionally, 
lipid metabolism disorders are increasingly recognized 
as important roles in cancer progression, including CRC 
[5]. Cholesterol, an important component of blood lipids, 
is highly lipophilic and is transported by lipoproteins, a 
lipid-protein complex. Low-density lipoprotein choles-
terol (LDL-C), a primary type of lipoprotein, transports 
cholesterol from the liver to various tissues, provid-
ing raw materials for tissue cells, including cancer cells 
[6]. Studies have shown that LDL-C receptor levels are 
upregulated in CRC patients, and the addition of LDL-C 
to cell cultures significantly increases ROS levels in CRC 
cells, alters gene expression, and activates the MAPK 
pathway, thereby enhancing intestinal tumorigenicity and 
accelerating tumor progression. [7]. Moreover LDL-C 
mediates the occurrence of CRC through its oxidation 
to oxidized low-density lipoprotein (oxLDL) [8]. A simi-
lar study revealed that the interaction between LDL-C 
and the mucin family gene MUC4 rs1104760A > G may 
be important in diagnosing CRC. This combination may 
induce CRC by affecting LDL-C levels [9]. Meanwhile, 
retrospective cross-sectional studies have shown that 
elevated LDL-C levels are significantly associated with 
lymph node metastasis in various cancers, including CRC 
[10].

Primary prevention is crucial in reducing the global 
burden of CRC. Although endoscopic examinations can 
reduce CRC incidence and mortality, flexible sigmoi-
doscopy is ineffective for proximal colon cancer and 
challenging for large-scale screening due to cost and 
invasiveness [11]. With deeper understanding of CRC 
metagenomics, gut microbiota offer new perspectives for 
CRC diagnosis and therapy. Bacteria such as Parvimonas 
mira and Solobacterium moorei serve as non-invasive 

biomarkers for CRC [12, 13], whereas Bacteroides vulg-
atus and Akkermansia muciniphila exhibit anti-cancer 
effects on CRC cell proliferation [14]. Additionally, gut 
microbiota can regulate host metabolism and show 
promise in studies on lipid metabolism associated with 
intestinal tumors. For example, P anaerobius enriched 
in colon tumors and adenoma tissues may interact with 
toll-like receptors to increase intracellular active oxi-
dants, promoting cholesterol synthesis and CRC cell pro-
liferation [15]. Squalene epoxidase(SQLE), an essential 
enzyme in cholesterol synthesis, can mediate intestinal 
tumor occurrence through the gut microbiota-metabolic 
axis [16].

Thus, LDL-C, a major type of cholesterol, has a close 
relationship with CRC and interacts with gut microbiota. 
While research has shown that intestinal microbiota 
preparations can lower human LDL-C levels [17], no 
studies have yet suggested a relationship between intes-
tinal microbiota of CRC patients and LDL-C. This study 
sought to investigate the makeup and abundance of intes-
tinal microbiota in the feces of CRC patients, identify 
internal relationships among typical gut microbiota and 
their relationships with elevated LDL-C levels, investi-
gate microbial factors responsible for LDL-C metabolism 
disorders in CRC patients, and explore possible internal 
regulation among these gut microorganisms. Subsequent 
research will focus on the immune and biological mecha-
nisms driven by typical gut microbiota in CRC develop-
ment amidst irregular LDL-C metabolism, and create 
predictive models to biologically assess LDL-C levels in 
CRC patients.

Methods
Participant details and inclusion criteria
The Medical Ethics Committee of the Guangxi Medical 
University Cancer Hospital has approved this research 
protocol. All participants signed an informed consent 
form prior to surgery and were notified about the sam-
pling before sample collection. Based on the inclusion 
criteria, researchers collected fecal samples collected 
from 236 CRC patients prior to treatment between Janu-
ary 1, 2021 and December 31, 2021, and ultimately col-
lected 198 fecal samples that passed the 16S ribosomal 
RNA (16S rRNA) sequencing quality test. Concurrently, 
freshly collected tissue samples of the aforementioned 
subjects who underwent surgical treatment at the 
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Guangxi Medical University Cancer Hospital were col-
lected and stored in cryogenic liquid nitrogen. Among 
them, 181 cancer patients had LDL-C information. 
Additionally, among the 17 CRC patients who under-
went transcriptomic sequencing of tumor tissue samples, 
LDL-C data were available for 14 samples, and 8 samples 
simultaneously underwent 16S rRNA sequencing from 
pre-treatment fecal samples.

The inclusion criteria for this study include: 1. Patients 
who underwent surgery and have a clear pathological 
classification (staging in accordance with the ACJJ CRC 
classification guidelines), or CRC patients diagnosed by 
colonoscopy histopathological biopsy; 2. No history of 
comorbidities or other malignant tumors in the past; 3. 
Excluding other gastrointestinal disorders, there are no 
acute complications such as complete bowel obstruc-
tion and gastrointestinal perforation; 4. Prior to collect-
ing fecal specimens, none of the patients had received 
any cancer therapy, including surgical procedure, chemo, 
radiation therapy, immune therapy, and traditional Chi-
nese medicine treatment; 5. Not using antibiotics and 
gut microbiota preparations within the past month; 6. 
unconscious disorders or other cognitive impairments.

Collection of stool samples and 16S rRNA sequencing
After receiving notification of the sampling plan, the sub-
jects collected fecal samples on the second day of admis-
sion. During the sampling process, members of research 
group guided the subjects to avoid urine contamination, 
and used sterile fecal collection tubes to retain the mid-
dle part of the fecal sample. Subsequently, the fecal sam-
ple was stored in a sterile ice container, encased in a 2 mL 
EP tube with a dosage of 200 mg per tube, and preserved 
in a refrigerator at -80° C. Following the dispatch of fecal 
specimens to the lab with the MOBIO PowerSoil® DNA 
Isolation Kit, DNA was isolated from 200  mg of feces 
using Tris–EDTA buffer, adhering to the prescribed 
product guidelines. Following the extraction of DNA, 
the specimens undergo DNA quality testing, permitting 
those of satisfactory quality to advance to the subsequent 
experiment. Primers 341F (5′-CCT​ACG​GGNGGC​WGC​
AG-3′) and 805R (5′-GAC​TAC​HVGGG​TAT​CTA​ATC​
C-3′) were used to focus on and secure the V3 and V4 
segments of the 16S rRNA gene, followed by PCR ampli-
fication of these targeted sequences. Post-PCR amplifica-
tion, the initial analysis of each sample’s PCR products 
was conducted through 2% agarose gel electrophoresis, 
aiming for a band size between 300 and 350 base pairs, 
with a sequencing depth of 50,000 reads to capture the 
target sequences. Subsequently, the PCR outputs were 
measured with the Quant-iT PicoGreen dsDNA Assay 
Kit, and all specimens were merged in equal molar 
amounts, adhering to the sequencing criteria derived 

from each sample’s quantitative outcomes. Subsequently, 
the KAPA Library Quantification Kit KK4824 was 
employed to measure the quantity of the mixed librar-
ies. Ultimately, sequencing of the libraries was conducted 
using an Illumina PE250 device by Genesky Biotechnolo-
gies company, (Shanghai, China), employing a 2 × 250 bp 
approach after successful completion of the library 
preparation.

Tissue sample collection and transcriptome high 
throughput sequencing
Based on the premise that the interval between separa-
tion and storage in liquid nitrogen is within 30 min, fresh 
tissues, with soybean size, were obtained from surgically 
removed tumors and adjacent normal tissue. Using Trizol 
® The Total RNA Extraction Kit extracted total RNA from 
17 CRC tumor samples and detected the integrity of the 
RNA using electrophoresis. RNA purity was determined 
through micro ultraviolet spectrophotometers. Refer to 
the instructions of the RNA seq sample preparation kit 
(VAHTS ™ Stranded mRNA-seq Library Prep Kit for 
Illumina ®), remove rRNA and construct cDNA library. 
The transcriptome library sequencing was performed 
using the Illumina NovaSeq 6000 by GENE + company, 
(Beijing, China). The unprocessed sequencing dataset 
was evaluated for quality by FastQC, and the valid data-
set was first compared with the reference genome using 
HISAT2 (version: hg38). Gene expression was evaluated 
using StringTie and known gene models, and the calcu-
lated TPM (Transcripts Per Million) values were used to 
quantify the expression abundance of each gene.

Analysis of tumor immune infiltration
Using the ‘CIBERSORT R script v1.03’ through R soft-
ware, the CIBERSORT algorithm constructs a feature 
matrix derived from microarray data from tumor tissue 
sequencing. Subsequently, the TPM matrix was trans-
formed into a relative abundance gene feature matrix 
of 22 immune cells (including B cells, CD4 + T cells, 
CD8 + T cells, neutrophils, macrophages, dendritic cells 
and various varieties and functional statuses of immune 
cells) for tumor immune infiltration analysis [18].

Functional annotation analysis of transcriptome 
sequencing related to LDL‑C
The Single Sample Gene Set Enrichment Analysis 
(ssGSEA) [19] algorithm calculates the matrix of gene 
set scores for each sample using the GSVA software 
package v1.46.0, based on downloaded gmt format gene 
set files (c2.cp.kegg.v2022.1.Hs.symbols.gmt, c5.go.
v2022.1.Hs.symbols.gmt). Next, the L-LDL-C group was 
used as the control group, the variations in Gene Ontol-
ogy (GO) terms and Kyoto Encyclopedia of Genes and 
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Genomes  (KEGG) pathways among the groups were 
examined using the limma algorithm in the TCGAbi-
olinks package v2.25.3. GO enrichment analysis encom-
passes three aspects: biological processes (BP), cellular 
components (CC) and molecular functions (MF). The 
threshold for statistical significance of differentially 
expressed genes is: P < 0.05 and |log2FC|> 0.

Construction and recognition of machine learning models 
for gut microbiome biomarkers
Using the multilayer perceptron (MLP) model and the 
XGBoost (XGB) model to identify gut microbiota mark-
ers, respectively, to predict LDL-C levels in CRC patients. 
MLP is a feedforward artificial neural network model, 
which comprises an input layer, several hidden layers, 
and an output layer. Employing backpropagation tech-
nology, MLP iteratively adjusts the weights between neu-
rons, ultimately achieving the construction of a neural 
network between the input and output layers [20]. XGB, 
a boosting-based integration algorithm, uses information 
from previous trees to enhance the quality of the cur-
rent tree for iterative generation by building learners in 
parallel [21]. As a typical integration of classification and 
regression tree cart algorithms, XGB has improved the 
traditional Gradient Boosting Decision Tree [22]. These 
improvements include the introduction of additional 
regularization, integrated tree pruning, and subsampling 
features in XGB, which significantly alleviate overfitting 
problems, as well as the use of techniques for calculating 
generalized gain scores to simplify optimization prob-
lems in boosting trees [23].

Linking the SciKit Learn 0.18(https://​scikit-​learn.​org/​
stable/) Platform and Python, utilized downloaded instal-
lation packages to construct and assess machine learn-
ing models. According to a 7:3 ratio, microbiota dataset 
of 181 patients who met the inclusion criteria was ran-
domly split into training and testing sets. Subsequently, 
MLP and XBG models were developed and predicted 
using LDL-C related differential gut microbiota species 
with differential importance in the top 15%. Finally, the 
receiver operating curve (ROC) and area under curve 
(AUC) were applied to assess the models’ accuracy 
performance.

Analysis method for 16S rRNA sequencing
Qualitative Insights Into Microbiological Ecology version 
2 was used to perform quality filtering on the FASTQ 
raw sequencing data of all samples. Subsequently, spe-
cies were annotated according to the Greengenes data-
base v13.8, while intestinal microbiota ASV/OTU was 
extracted using the photoseq package v126.1. Firstly, 
the gut microbiota diversity within the group was eval-
uated employing α-diversity, where Chao1 and ACE 

characterized the species abundance of the microbiota, 
while Shannon and Simpson described the microbial 
diversity and evenness. Secondly, β-diversity was used to 
evaluate the variability of the microbial structure in each 
sample across distinct groups. ANOSIM and ADONIS 
analyses were performed employing the vegan pack-
age v2.5.6. Subsequently, the mixOmics v6.6.2 software 
package was employed to complete partial least squares 
discriminant analysis (PLS-DA). Next, Linear discrimi-
nant analysis Effect Size (LEfSe) analysis was performed 
employing LEfSe software v1.0.0, combined with linear 
discriminant analysis (LDA) to evaluate analysis results, 
in order to identify species with significant abundance 
differences between groups (employing |LDA|> 2 and 
P < 0.05 as difference screening thresholds). Ultimately, 
employing PICRUSt2 software 2.3.0 to predict the KEGG 
pathways enriched between sequencing sample groups, 
and calling vegan package v2.5.6, the study used non-par-
ametric Mann–Whitney U rank-sum test to analyze the 
inter group diversity indices and KEGG pathway variabil-
ity. Finally, the ggplot2 package v3.4.0 was used to visual-
ize histograms. The above operations were all completed 
using R software v3.5.1.

Statistical methods
Using SPSS software v23.0, continuous data analysis was 
performed on clinical data using t-tests, while quanti-
tative data analysis was performed using Pearson Chi-
square test. The subsequent procedures were completed 
using R software v4.2.2. Pearson correlation analysis 
was used to measure the correlation between gut micro-
biota and immune cell abundance with immune-related 
genes. The ggcorplot package v0.1.4 was used to perform 
Spearman correlation analysis to evaluate the correlation 
between different subgroups of differential gut microbi-
ota, the correlation between differential microbiota and 
KEGG pathway, and the correlation between intergroup 
differential gut microbiota and BP and MF projects. 
Among them, the ggcorplot software package v0.1.4, 
Igraph software package v1.3.5, and Cytoscope software 
v3.7.2 were used to visualize the relevant matrices.

Results
Essential information and clinical features of CRC patients 
classified by LDL‑C levels
Following the application of inclusion and exclusion cri-
teria, patients possessing pre-treatment LDL-C infor-
mation were enrolled and divided into H-LDL-C and 
L-LDL-C groups according to their preoperative LDL-C 
levels. The H-LDL-C group included 80 CRC patients 
with LDL-C values above 3.37 mmol/L(129.62 mg/dL), 
while the L-LDL-C group included 101 CRC patients 
whose LDL-C levels at or underneath the maximum 

https://scikit-learn.org/stable/
https://scikit-learn.org/stable/
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threshold of normal values (the reference range for 
normal values is 0–3.37  mmol/L (129.62  mg/dL)). As 
Table 1 shows, CRC patients with different LDL-C lev-
els did not differ significantly in age or sex, suggesting 
balanced and comparable baseline data. Differences in 
serum triglyceride levels, serum albumin levels, and 
Body Mass Index were not statistically significant, indi-
cating comparable nutritional status between the two 
groups. Additionally, patients with H-LDL-C had a 
higher percentage of abnormal total cholesterol com-
pared to those in the L-LDL-C group (P < 0.001), while 
high-density lipoprotein cholesterol (HDL-C) did not 
differ significantly between the two groups, suggest-
ing that LDL-C might be associated with cholesterol 
metabolism disorders in CRC patients.

Comparison of microbial diversity between H‑LDL‑C 
and L‑LDL‑C groups in CRC Patients
At the start of the study, differences in microbial diver-
sity between the H-LDL-C and L-LDL-C groups of 
CRC patients were investigated using α-diversity and 
β-diversity indices. α-diversity for samples from both 
patient groups is shown in Fig.  1A. Although differ-
ences were observed, they were not statistically sig-
nificant (P > 0.05). Figure  1B presents the β-diversity 
for two CRC patient groups. Bray (P = 0.3107) and 
Jaccard (P = 0.2659) indices suggest no statistically 
significant differences in gut microbiota composition 
between the groups (Supplementary Tables  1 and 2). 
PLS-DA analysis, shown in Fig. 1C, revealed that CRC 
patients in two groups clustered according to their gut 

Table 1  Demographic and clinical characteristics of CRC patients stratified by high and low levels of low-density lipoprotein 
cholesterol (LDL-C)

The "*" in the upper right corner of the P value indicates the size of the P value: none* for P value ≥ 0.05, * for 0.01 ≤ P < 0.05, ** for 0.001 ≤ P < 0.01, *** for 0.0001 ≤ P 
<0.001, and **** for P < 0.0001

patients with high levels 
of LDL-C (n=80)

patients with low 
levels of LDL-C 
(n=101)

P value Test

Age (years, mean (SD)) 58.08 ± 11.37 58.01 ± 11.47 0.942 T-Test

Age (%) ≥60 34(42.50) 45 (44.55) 0.782 Pearson Chi-square

<60 46(57.50) 56(55.45)

Gender (%) Male 52(65.00) 54(53.47) 0.118 Pearson Chi-square

Female 28(35.00) 47(46.53)

Body Mass Index (kg/m2) Overweight/obesity
 ( ≥ 24.0kg/m2)

30(42.25) 28(32.18) 0.191 Pearson Chi-square

Normal
(18.5~24.0kg/m2)

41(57.75) 59(67.82)

Total cholesterol (%) Abnormal
(>5.69or<3mmol/L)

30(24.19) 8(7.92) <0.001 Pearson Chi-square

Normal
(3~5.69mmol/L)

50(62.90) 93(92.08)

Triglyceride (%) Abnormal
(>1.69or<0.45mmol/L)

23(28.75) 25(24.75) 0.545 Pearson Chi-square

Normal
(0.45~1.69mmol/L)

57(71.25) 76(75.25)

High-density lipoprotein 
cholesterol (%)

Abnormal
(<1.16or>1.55mmol/L)

48(60.00) 60(59.41) 0.936 Pearson Chi-square

Normal
(1.16~1.55mmol/L)

32(40.00) 41(40.59)

Albumin (%) Abnormal
(<35or>50g/L)

13(16.25) 24(23.76) 0.213 Pearson Chi-square

Normal
(35~50g/L)

67(83.75) 77(76.24)

Perineural invasion (%) YES 29(59.18) 42(57.83) 0.856 Pearson Chi-square

NO 20(40.82) 31(42.47)

Vascular invasion (%) YES 11(21.57) 22(30.14) 0.288 Pearson Chi-square

NO 40(78.43) 51(69.86)

TNM stage (%) Early (0~2) 25(32.05) 27(28.42) 0.604 Pearson Chi-square

Advanced (3~4) 53(67.95) 68(71.58)
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microbiota. The findings suggest that although there 
were no statistically significant differences in fecal 
microbiota diversity within and between groups, CRC 
patients persist substantial differences in gut microbi-
ota composition based on LDL-C levels.

Identification of gut microbiota associated with abnormal 
LDL‑C metabolism
To investigate gut microbiota with varying abun-
dance between H-LDL-C and L-LDL-C groups and 
identify key biomarkers for abnormal LDL-C metab-
olism, the study performed LEfSe analysis on these 
two groups. The analysis revealed significant statisti-
cal variations in the abundance of 24 microbial com-
munities between two groups. Both H-LDL-C and 
L-LDL-C groups exhibited significantly greater abun-
dance of 12 microbial communities compared to the 
other group (P < 0.05; see Supplementary Table  3; 
Fig. 2A, B). Figure 2B displays LDA scores for top10 in 
each group  of  these 24 differential microbial com-
munities after LEfSe analysis (log10 transformed). 
Higher scores indicate greater significance for these 
species. Correlations between dominant microbial 
communities in two groups were plotted (Fig.  2C) 
to further explore their relationships with LDL-C. 
Among these, four dominant microbial communities 
in the L-LDL-C group,   f__Veillonellaceae.g__Veil-
lonella,   f__Corynebacteriaceae.g__Corynebacterium,   
f__Bifidobacteriaceae.g__S-cardovia and o__Ac-tino-
mycetales. f__Corynebacteriaceae, were most closely 
associated with other nodes. These indicate that these four 
dominant microbial communities are closely related to 
other dominant microbial communities. Simultaneously, 
f__Veillonellaceae.g__Veillonella, a dominant microbial 
community in the L-LDL-C group showed a negative 
correlation with f__Coriobacteriaceae.g__Paraeg-ger-
thella,  g__Fusobacterium.s__Fusobacterium_necropho-
rum, and g__Coprobacillus.s__uncultured_organism in 
the H-LDL-C group. These results indicate that negative 
regulatory interactions may occur among the dominant 
microbial communities.

Predicting gut microbiota function in H‑LDL‑C and L‑LDL‑C 
groups
Next, PICRUSt2 (Phylogenetic Investigation of Com-
munities by Reconstruction of Unobserved States 2) 
software was used to analyze enriched KEGG pathways 
among characteristic microbiota in two groups to explore 
the biological relationship between LDL-C and its related 
gut microbiota. Among the 180 KEGG pathways ana-
lyzed, four pathways exhibited statistically significant dif-
ferences (P < 0.05). The Hypertrophic Cardiomyopathy 
pathway (P = 0.047) was abundant in H-LDL-C group, 
while the Steroid hormone biosynthesis (P = 0.042), Ster-
oid biosynthesis (P = 0.042), and Biosynthesis of sidero-
phore group nonribosomal peptides (P = 0.0499) were 
significantly more abundant in the L-LDL-C group than 
in the H-LDL-C group (Supplementary Fig.  1 and Sup-
plementary Table  4). These results suggest that gut 
microbiota associated with LDL-C are closely linked to 
lipid metabolism in CRC patients.

Relationship between differential gut microbiota 
associated with LDL‑C and immune cells
Tumor-infiltrating immune cells are those that enter the 
tumor microenvironment (TME) and interact with it, 
playing a role in either promoting or inhibiting tumor 
growth. To investigate the connection between LDL-C-
associated intestinal microbiota and tumor-infiltrating 
immune cells, the study created a bar chart to show the 
composition of 22 immune cells from 14 CRC patients 
with LDL-C and RNA sequencing dataset (Fig.  3A). 
Figure  3A shows that each CRC patient has a unique 
immune cell composition in the TME. Overall, the 
H-LDL-C group had high proportions of follicular helper 
T cells (Tfh) and regulatory T cells (Tregs). Conversely, 
the L-LDL-C group had a high proportion of plasma 
cells.

To further examine the relationship between immune 
cells and LDL-C-associated intestinal microbiota, the 
study analyzed the connection between 22 immune cells 
and their dominant microbiota in the two groups. In 
H-LDL-C group, g__Fusobacterium.s__Fusobacterium_
necrophorum was significantly positively correlated 
with Tregs; g__Oscillibacter.s__uncultured_bacterium, 

(See figure on next page.)
Fig. 1  Comparison of gut microbiota diversity index between L-LDL-C group and H-LDL-C group patients with CRC. A Comparison of α-diversity 
index of gut microbiota between L-LDL-C group and H-LDL-C group in CRC patients. B Comparison of β-diversity index of gut microbiota 
between L-LDL-C group and H-LDL-C group in CRC patients. The horizontal axis represents the group, the vertical axis represents the diversity index 
value of the sample community within the group, and the color also represents the group. C PLS-DA analysis of gut microbiota in the L-LDL-C 
and H-LDL-C groups of CRC patients. The dots represent each sample of gut microbiota, the color represents the group, the horizontal and vertical 
axis scales represent the relative distance of each sample, and X variable 1 and X variable 2 represent the factors that affect the changes in gut 
microbiota composition of CRC patients in the L-LDL-C and H-LDL-C groups, respectively
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Fig. 1  (See legend on previous page.)
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f__Shewanellaceae.g__Shewanella, o__Altero-monadales.f__
Shewanellaceae, c__Gamma-proteobacteria.o__Alte-
romonadales, f__Coriobacteriaceae.g__Paraeggerthella, 
g__Paraeggerthella.s__Paraeggerthella_hongkongensis were 
significantly positively correlated with resting NK cells. 
Among these g__Paraeggerthella.s__Paraeggerthella_hong-
kongensis was also significantly positively correlated with 
Tfh and significantly negatively correlated with plasma 
cells(Fig. 3B, D). In the L-LDL-C group, g__Anaerostipes.s__
Anaerostipes_caccae was significantly positively correlated 
with neutrophils, o__Actinomycetales.f__Corynebacte-
riaceae and f__Corynebacteriaceae.g__Corynebacterium 
were significantly negatively correlated with plasma cells; 
f__Veillonellaceae.g__Veillonella was significantly nega-
tively correlated with monocytes (Fig. 3C, D). In summary, 
there were significant differences in the proportion of 
tumor-infiltrating immune cells between CRC patients 
in two groups. Additionally, several dominant gut micro-
biota in H-LDL-C group showed significant correlations 
with immune cells, suggesting that LDL-C-associated gut 
microbiota may influence CRC progression by regulating 
immune cell infiltration.

The connection between LDL‑C‑associated gut microbiota 
and immune‑related genes
The immune system is pivotal in cancer progression. To 
examine the correlation between LDL-C-related intestinal 
microbiota and immune function, the study conducted 
a connection analysis between LDL-C related intesti-
nal microbiota and prevalent immune- associated genes. 
In H-LDL-C group, the dominant gut microbiota o__
Alteromonadales.f__Shewanellaceae, g__Oscillibacter.s__
uncultured_bacterium, f__Shewanellaceae.g__Shewanella 
and c__Gammaproteobacteria.o__Alteromonadales were 
significantly positively correlated with multiple immune 
checkpoints (KIR3DL1, LAIR1, CD28, and CD80, etc.) 
(Fig.  4A), chemokines (CCL7, CXCL3, and CCL3, etc.) 
(Fig.  4B), immune activation genes (CD80 and CD28) 

(Supplementary Fig.  2), immunosuppressive genes 
(HAVCR2) (Supplementary Fig.  3) and chemokine recep-
tors (XCR1) (Supplementary Fig. 4). In L-LDL-C group, the 
dominant gut microbiota g__Butyricimonas.s__uncultured_
bacterium and f__Acidamin-ococcaceae.g__Acidaminococ-
cus demonstrated a significant positive correlation with 
multiple immune checkpoints (PDCD1LG2, TNFSF14, 
and HAVCR2, etc.) (Fig. 4C), chemokines (CXCL9, CCL8, 
CCL7, and CCL5, etc.) (Fig. 4D), immune activating genes 
(TNSF14, TNFSF13B, KLRK1, and CD28, etc.) (Supple-
mentary Fig.  5), immunosuppressive genes (PDCD1LG2 
and HAVCR2, etc.) (Supplementary Fig. 6), and chemokine 
receptors (XCR1, CCR5, and CCR1) (Supplementary 
Fig.  7). These results suggest that LDL-C-associated dif-
ferential gut microbiota may serve a vital function in the 
regulation of immune-related gene expression and the CRC 
progression.

Analysis of differential pathways and their connection 
with gut microbiota according to LDL‑C levels
To further investigate the relationship between regula-
tory pathways associated with LDL-C and LDL-C related 
gut microbiota, GO and KEGG were conducted. RNA-
seq data obtained from tumor specimens of 8 patients, 
who also underwent 16S rRNA sequencing of intestinal 
microbiota were converted into scoring matrices using 
the ssGSEA method. Figures  5A and B show that the 
analysis of GO and KEGG pathway score matrices for 
two groups. 139 GO pathways were significantly upregu-
lated in H-LDL-C group [GOBP_KILLING_OF_CELLS_
OF_ANOTHER_ORGANISM (logFC = 0.041, P < 0.001), 
GOMF_EFFLUX_TR ANSME MBR ANE_TR ANS -
PORTER_ACTIVITY (logFC = -0.044, P = 0.009) and 
GOCC_CILIARY_TIP (logFC = -0.031, P = 0.006), etc.] as 
well as 2 KEGG pathways were significantly upregulated 
[KEGG_ALDOSTERONE_REGULATED_SODIUM_
REAB-SORPTION (logFC = 0.036, P = 0.014) and KEGG_
PAN TOTHENATE_AND_COA_BIOSYN THESIS 

Fig. 2  Analysis of differences in gut microbiota between L-LDL-C group and H-LDL-C group CRC patients. A Evolutionary relationship diagram 
of LEfSe analysis. The node size represents the species abundance and is directly proportional to the species abundance. Node color represents 
grouping, and yellow nodes in branches represent species with no significant differences in abundance between groups; the red nodes represent 
species with significantly higher abundance in the L-LDL-C group, while the green nodes represent species with significantly higher abundance 
in the H-LDL-C group. Each layer node represents a phylum/class/order/family/genus/species from the inside out, and the annotations for each 
layer’s species markers represent a phylum/class/order/family/genus/species from the outside in. B LDA bar chart based on 16S rRNA gene 
sequencing. The color of the bar chart represents the group, the horizontal coordinate represents the LDA score (after log10 processing), the vertical 
coordinate represents the species with significantly higher abundance in the group, and the length of the bar chart represents the size of the LDA 
score value. C LDL-C related differences in gut microbiota correlation network diagram. Each node represents each species, node color represents 
group, node size represents the number of edges connected to the node. The larger the node, the more edges connected to the node. The 
connecting line indicates a significant correlation between the two nodes. The blue line represents Spearman correlation coefficient values below 0 
(negative correlation), while Spearman correlation coefficient values above 0 (positive correlation) are represented by the red line. The thicker 
the red line, the greater the Spearman correlation coefficient between two nodes

(See figure on next page.)
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(logFC = 0.040, P = 0.029) (Supplementary Tables 5 and 6 
show KEGG and GO list, respectively). The findings indi-
cate that CRC related to LDL-C metabolism exhibit dis-
tinct biological functions.

To further investigate the relationship between 
LDL-C related genomic functions and differential gut 

microbiota, the study analyzed the correlation between 
the colony counts of 24 LDL-C-related microbiota from 
8 patients and LDL-C-related BP, MF, and KEGG path-
way scoring matrices. Significant correlations were 
observed between some differential microbiota and 
specific BP and MF pathways. For instance, in the 

Fig. 2  (See legend on previous page.)



Page 10 of 20Qin et al. Lipids in Health and Disease          (2024) 23:367 

H-LDL-C group, the upregulated pathway GOMF_CAR-
BOHYDRATE_TRANSMEMBRANE_TRANSPORTER_
ACTIVITY exhibited a strong positive correlation with 
o__Sphingobacteriales.f__Chitinophagaceae (r = 0.9, P < 0.05) 
and f__Coriobacteriaceae.g__Paraeggerthella (r = 0.86, 
P < 0.05), while GOMF_SUGAR_TRANSMEM-BRANE_
TRANSPORTER_ACTIVITY showed a significant positive 
correlation with these two microbiota (r = 0.81, P < 0.05; 
r = 0.71, P < 0.05). In the L-LDL-C group, the upregulated 
pathway GOBP_NEGATIVE_REGULATION_OF_ENDO-
PLASMIC_RETICULUM_UNFOLDED_PROTEIN_
RESPONSE and g__Anaerostipes.s__Anaerostipes_caccae 
exhibited a pronounced inverse correlation (r = 0.76, 

P < 0.05) (Fig.  5C; Supplementary Tables  7 and 8). How-
ever, upregulated KEGG pathways in both groups of 
samples did not show significant correlations with these 
differential gut microbiota (Supplementary Table  9). 
These results suggest that LDL-C and its associated dif-
ferential gut microbiota may influence CRC progression 
through various potential biological interactions.

Construction of biological predictive models for LDL‑C 
status through differential intestinal microbiota
To further identify intestinal microbiota linked to LDL-C 
and evaluate their prognostic ability, prediction mod-
els using MLP and XGB were constructed based on 24 

Fig. 3  The correlation between LDL-C related gut microbiota and tumor immune infiltrating cells. A Bar chart of relative abundance of immune 
cells in CRC patients grouped by LDL-C status. Each bar represents a sample, and the vertical coordinates represent the predicted relative 
abundance values of immune cells. The sum of the relative abundances of all immune cells in a single sample is 1, and each color in the graph 
corresponds to one type of immune cell. B Heat map of the correlation between dominant microbial communities and immune cell abundance 
in the H-LDL-C group. C Heat map of the correlation between dominant microbial communities and immune cell abundance in the L-LDL-C 
group. The horizontal axis represents immune cells, and the vertical axis represents microbiota. In the figure, red represents positive correlation, 
blue represents negative correlation, color depth represents the magnitude of Pearson correlation coefficient, and color from light to dark 
represents the value of Pearson correlation coefficient from small to large. The “*” in the figure represents the size of the P-value: none * represents a 
P-value ≥ 0.05, * represents 0.01 ≤ P < 0.05, * * represents 0.001 ≤ P < 0.01, and * * * represents P < 0.001. D Network diagram showing the correlation 
between LDL-C related differential gut microbiota and immune cells. Each node represents each gut microbiota or immune cell and the connecting 
line represents a significant correlation between the two nodes; the blue line indicates that the Pearson correlation coefficient is less than 0 
(negative correlation), while the red line indicates that the Pearson correlation coefficient is greater than 0 (positive correlation)
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LDL-C related differential gut microbiota identified 
through LEfSe analysis.

In the MLP-based LDL-C prediction model, the train-
ing cohort confusion matrix (Fig. 6A) indicated that the 
counts of true negative (TN) and true positive (TP) sam-
ples were significantly exceeding those of false negative 
(FN) and false positive (FP) samples. In the validation 
cohort (Fig. 6B), the number of TN predictions was simi-
lar to FN predictions, while TP predictions were nota-
bly higher than FP predictions. The ROC curve analysis 
revealed a 0.940 AUC value for  the training cohort and 
0.750 for the validation cohort (Fig. 6C).

In the XGB-based LDL-C prediction model, the train-
ing cohort of confusion matrix (Fig. 6D) showed a signifi-
cantly higher number of TN and TP samples compared 
to FN and FP samples. The counts of TN and TP predic-
tions in the validation cohort were greater than those of 
FN and FP predictions (Fig. 6E). The XGB model’s ROC 
curve analysis resulted in 0.978 AUC value for the train-
ing cohort and 0.601 for the validation cohort (Fig. 6F).

The findings imply that both models demonstrate 
varying levels of accuracy in predicting LDL-C status, 
with XGB showing superior performance in the training 

cohort, while MLP model demonstrated better validation 
cohort performance.

Discussion
This study examined differences in gut microbiota 
between CRC patients in H-LDL-C and L-LDL-C groups. 
The study employed 16S rRNA sequencing to assess the 
composition and abundance of intestinal microbiota 
associated with LDL-C in CRC patients. It identified key 
microbiota essential for distinguishing LDL-C metabolic 
disorders and used these findings to examine microbial 
factors related to LDL-C metabolism disorders, inter-
actions among microbial communities, and the causes 
of microbial variation in CRC patients. Meanwhile, the 
study investigated the TME  and biological functions, 
and used immune characteristic analysis to investigate 
the association between particular intestinal microbiota 
and CRC. Further analyses were performed to evaluate 
the biological effects of varying microbiota and LDL-C 
metabolism on CRC progression.

Although HDL-C and TG levels showed no significant 
differences between two groups, a higher proportion of 

Fig. 4  Correlation between LDL-C related differential gut microbiota and immune related genes. A Heat map of the correlation between dominant 
gut microbiota and immune checkpoints in the H-LDL-C group. B Heat map of the correlation between dominant gut microbiota and chemokines 
in the H-LDL-C group. C Heat map of the correlation between dominant gut microbiota and immune checkpoints in the L-LDL-C group. D 
Heat map of the correlation between dominant gut microbiota and chemokines in the L-LDL-C group. The horizontal axis represents genes 
and the vertical axis represents gut microbiota. In the figure, red represents positive correlation, blue represents negative correlation, color depth 
represents the magnitude of Pearson correlation coefficient, and color from light to dark represents the value of Pearson correlation coefficient 
from small to large. The “*” in the figure represents the size of the P-value: no * represents P-value ≥ 0.05, * represents 0.01 ≤ P < 0.05, * * represents 
0.001 ≤ P < 0.01, and * * * represents P < 0.001
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Fig. 5  Identification of LDL-C related differential pathways and correlation between differential pathways and LDL-C related differential gut 
microbiota. A GO volcano plot of LDL-C related differential expression. B KEGG volcano map of LDL-C related differential expression. The horizontal 
coordinate represents log2 (fold change), and the further the point is from the center, the greater the differential fold; The vertical coordinate 
represents -log10 (P-value), and the closer to the top point, the more significant the difference in expression. Each point represents the detected 
differentially expressed genes, with red indicating upregulated genes, blue indicating downregulated genes, and gray indicating no differentially 
expressed genes. C Correlation diagram between LDL-C related differential BP, MF pathway and differential gut microbiota. The horizontal 
coordinate represents microbiota, and the vertical coordinate represents GO labels. In the figure, red represents positive correlation, blue represents 
negative correlation, color depth represents the magnitude of Spearman correlation coefficient, and color from light to dark represents Spearman 
correlation coefficient value from small to large. In the figure "×" symbol represents the P-value:  "×" represents P value ≥ 0.05, without "×"  represents 
P < 0.05
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patients in the H-LDL-C group had abnormal serum 
total cholesterol levels. The use of the LDL-C regulatory 
drug Evolocumab, as demonstrated by Koskinas KC et al. 
to lower LDL-C concentrations in acute coronary syn-
drome patients, resulted in significant reductions in total 
cholesterol levels. This suggests that abnormal LDL-C 
metabolism may play a crucial role in increasing serum 
total cholesterol levels in CRC patients [24]. LDL-C 
can promote CRC cell proliferation by regulating lipid 
metabolism within CRC cells. Additionally, the connec-
tion between high cholesterol levels and increased CRC 
risk further supports the notion that abnormal LDL-C 
metabolism may be crucial in CRC development [25, 
26]. Dynamic monitoring of LDL-C level changes in sus-
pected and high-risk CRC patients could be valuable for 
tracking disease progression. When examining abnormal 
LDL-C metabolism, the comparison of microbial diver-
sity between CRC patients in two groups revealed no sig-
nificant differences in fecal microbiota diversity within 
or between groups. Similarly, the research conducted by 
Fu J and colleagues did not find a correlation between 
gut microbiota and LDL-C levels [27]. This indicates 
that research on LDL-C-related microbial diversity may 
need larger sample sizes. Despite the lack of significant 
diversity results, in this study, PLS-DA analysis revealed 
notable intergroup distinguishability in gut microbiota. 
Although further studies are needed to resolve this con-
tradiction, these results indicate that alterations in gut 
microbiota are linked to LDL-C metabolism.

Whilst, CRC is linked to alterations in diverse intestinal 
microbiota, including Fusobacterium nucleatum, Peptos-
treptococcus stomatis, and other microbiota [13]. There-
fore, further analysis was conducted on gut microbiota 
with significant differences in abundance between CRC 
patients in two groups.

LEfSe analysis showed that Shewanella had a higher 
abundance in the H-LDL-C group of CRC patients [28]. 
Shewanella’s unique fatty acid system can produce vari-
ous fatty acids with a low melting point, including mon-
ounsaturated fatty acids (MUFA) and branched-chain 
fatty acids (BCFA) [29]. When MUFA was used instead 
of saturated fatty acids, an increase in MUFA intake 
led to a synchronous decrease in plasma cholesterol 

concentration due to lower LDL-C levels [30]. The find-
ings suggest increased levels of Shewanella could mark 
the onset of gut microbiota self-regulation against abnor-
mal LDL-C levels. Shewanella may act as an antagonistic 
microbiota and a marker of abnormal LDL-C metabo-
lism in CRC patients, potentially serving as a key indica-
tor for managing LDL-C metabolism in these patients. 
Lactobacillus delbrueckii, significantly enriched in CRC 
patients of L-LDL-C group, can reverse elevated levels of 
various lipids, including LDL-C, caused by Staphylococ-
cus aureus and Escherichia coli. Its ability to regulate host 
lipids has been confirmed by da Costa WKA et  al. [31, 
32]. Lactobacillus delbrueckii may regulate LDL-C levels 
by increasing free fatty acid (FFA) levels, which medi-
ate the redistribution of lipid regulatory pools within 
liver cells, ultimately leading to lower LDL-C levels [33, 
34]. This may explain why LDL-C levels did not increase 
abnormally in CRC patients enriched with Lactobacillus 
delbrueckii,suggesting its potential use as a live biothera-
peutic agent for managing LDL-C metabolic disorders. 
Additionally, Veillonella, another differential microbiota, 
showed higher abundance in the L-LDL-C group and was 
significantly correlated with seven different microbiota. 
Veillonella can colonize the intestine under inflamma-
tory conditions and is associated with CRC adenocarci-
noma and chemotherapy resistance. It is highly enriched 
in CRC patients’ proximal colon [35–38]. Among the 
Veillonella-associated microbiota, Coprobacillus, the 
dominant genus in the H-LDL-C group, showed a sig-
nificant increase in abundance in high-fat diet-fed mice 
and was positively correlated with serum LDL-C levels, 
while exhibiting low abundance in CRC patients [39, 40]. 
Therefore, it is speculated that Veillonella negatively regu-
lates Coprobacillus abundance under CRC conditions, 
thereby affecting LDL-C metabolism. In a high LDL-C 
environment, Coprobacillus may affect CRC development 
through decreasing Veillonella abundance. Although 
these speculations need further confirmation through wet 
experiments, the results indicate that interactions among 
microbiota could play a pivotal role in changes in LDL-C 
levels and disease progression in CRC patients. Investi-
gating strategies to supplement antagonistic microbiota 
could provide therapeutic benefits for CRC patients.

Fig. 6  The effectiveness evaluation of MLP and XGB prediction models. A The confusion matrix of MLP in the training set. B The confusion matrix 
of the MLP model in the validation set. D The confusion matrix of the XGB model in the training set. E The confusion matrix of the XGB model 
in the validation set. The Y-axis represents the predicted results of the model, the X-axis represents the true situation, 1 represents correct prediction, 
0 represents incorrect prediction, and the value in the box represents the number of samples. C ROC curves of MLP model training and validation 
sets. F ROC curves of XGB prediction model training and validation sets. The horizontal axis represents the false positive rate predicted 
by the model, the vertical axis represents the true positive rate predicted by the model, and the area under the curve represents the AUC value. The 
higher the AUC value, the higher the diagnostic performance of the model

(See figure on next page.)
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Fig. 6  (See legend on previous page.)
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Although the findings suggest an effect of microbiota 
on LDL-C and CRC, the mechanisms by which these 
LDL-C-associated microbiota influence CRC progression 
remain unclear. The close relationship between intesti-
nal mucosal immunity and gut microbiota has sparked 
interest in this study. First, microbiota can accelerate 
the progression of intestinal diseases through affecting 
immune environment. For example, affected by a high-
fat diet, the gut microbiota can promote KRAS mutation 
driven intestinal carcinogenesis by influencing Major his-
tocompatibility complex II (MHC II) antigen presenta-
tion, thereby mediating immune escape [41]. Conversely, 
immune environment can also directly affect gut micro-
biota changes. For instance, a defect in surface recep-
tor TLR5 of flagellin can cause unstable changes in gut 
microbiota and induce chronic intestinal inflammation 
[42].

Therefore, immune infiltration analysis was conducted 
on the two patient groups, revealing that Tfh and Tregs 
had a proportional advantage in the H-LDL-C group. 
This characteristic could provide an important founda-
tion for subgroup segmentation in CRC patients under-
going immunotherapy. Research has shown that the 
oxidized product of LDL-C, oxLDL, can regulate Tregs 
apoptosis and promote the generation of Tfh by modulat-
ing Tregs receptor levels [43, 44]. Integrating the results 
of this research, it can be inferred that a high LDL-C 
environment is a critical factor affecting the characteris-
tic proportions of Treg and Tfh in the H-LDL-C group. 
Targeted regulation of LDL-C, in conjunction with CRC 
immunotherapy, may improve treatment efficacy for 
patients. Building on the inferred relationship between 
LDL-C and TME immune cells, the study examined the 
association between microbiota and immune cell char-
acteristics. It found that Fusobacterium necrophorum, 
significantly positively correlated with Tregs  in H-LDL-
C group, was more abundant in CRC tissue. Moreover, 
the Fusobacterium genus can suppress T cell prolifera-
tion and trigger T cell apoptosis, thereby impairing the 
ability to eliminate and transform cancer cells, similar to 
Tregs, which inhibit anti-tumor immune function [45]. 
Based on the correlation between microbiota abundance 
and Treg infiltration, along with the consistency between 
microbiota and Treg function, it can be speculated that in 
a high LDL-C environment, Fusobacterium necrophorum 
could recruit Tregs through its metabolites to inhibit the 
anti-tumor immune response, while creating a favora-
ble environment for its own growth via TME immune 
changes. Therefore, targeted supplementation of Fuso-
bacterium necrophorum for patients with elevated LDL-C 
levels may slow tumor progression, aiding in achieving a 
complete comprehensive treatment process.

Subsequently, immune-related gene association analy-
sis was conducted to further investigate the link between 
LDL-C-associated gut microbiota and immune gene 
alterations in CRC patients. Among various immune 
gene associated microbiota, g_Oscillibacter showed high 
abundance in healthy individuals compared to CRC 
patients, while g_Butyricimonas exhibited enrichment in 
CRC tissues [46, 47]. Both g_Butyricimona and g_Oscil-
libacter showed a co-directional reduction consistent 
with LDL-C in a study using lactoferrin to regulate meta-
bolic disorders in obese mice [48]. Meanwhile, g_Oscil-
libacter can promote white adipose tissue inflammatory 
response by stimulating macrophages, and intestinal 
inflammation significantly contributes to cancer trans-
formation and tumor progression [49]. Among multiple 
immune checkpoints positively correlated with LDL-C 
associated microbiota, KIR is a key factor in regulating 
NK cell activity [50]. The immune checkpoint KIR3DL1, 
a gene in the KIR family, provides significant protection 
against metastasis and peripheral nerve invasion in CRC 
adenocarcinoma patients by accumulating with other 
KIR activation genes in the same family [51]. PD-L1 is 
a promising candidate for CRC immunotherapy. Both 
PD-L2 and PD-L1 are critical signals in the T cell pro-
liferation activation co-stimulatory molecule family B7: 
CD28. The immune checkpoint PDCD1LG2, a PD-L2 
coding gene, is primarily expressed in monocytes and 
macrophages associated with CRC tumors. It may inhibit 
the development of tertiary lymphoid structures formed 
by the inflammatory aggregation of immune cells dur-
ing CRC progression [52–54]. In the aforementioned 
analysis, g_Oscillibacter exhibited a significant posi-
tive connection with KIR3DL1, while g_Butyricimonas 
was significantly positively correlated with PDCD1LG2. 
Combining previous research findings, in high LDL-C 
environments, g_Oscillibacter and KIR3DL1 play an 
antagonistic role in regulating cancer progression, jointly 
affecting CRC. g_Butyricimonas was positively correlated 
with the immune processes that inhibit CRC develop-
ment. These findings further underscore the crucial role 
of LDL-C-related gut microbiota in CRC development. 
Additionally, these inferences provide insights into tumor 
immunotherapy and its efficacy evaluation, guided by g_
Oscillibacter and g_Butyricimonas.

Subsequently, the biological role of LDL-C metabolic 
disorders and related gut microbiota in CRC disease was 
further explored through gene enrichment analysis. The 
KEGG pathway for pantothenate and CoA biosynthesis 
was elevated in H-LDL-C group. Pantothenic acid (also 
known as vitamin B5), a component of coenzyme A, is 
key in intracellular lipid metabolism [55]. The pantoth-
enic acid and coenzyme A pathways can mediate T cell 
metabolic reprogramming via oxidative phosphorylation, 
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enhancing anti-tumor activity [56]. This pathway is 
strongly related to CRC [57]. Additionally, the GO Bio-
logical Process pathway involved in the negative regula-
tion of the unfolded protein response in the endoplasmic 
reticulum was upregulated in the L-LDL-C group. When 
the homeostasis of endoplasmic reticulum is disturbed 
by inflammation, hypoxia, or other stimuli, the unfolded 
protein response is initiated to restore balance. Fail-
ure to restore homeostasis results in cell apoptosis [58]. 
This adaptive response enhances tumor cell adaptability 
to hypoxic stress, leading to malignant progression [59]. 
The key transcription factor XBP1 in this reaction can 
be activated in tumor associated macrophages, promot-
ing CRC growth and metastasis [60]. LDL-C activates the 
IRE1 and PERK signaling pathways in endoplasmic retic-
ulum’s unfolded protein response [61]. In this study, the 
dominant microbiota g__Anaerostipes.s__Anaerostipes_
caccae in L-LDL-C group was significantly negatively 
correlated with the GOBP_NEGATIVE_REGULATION_
OF_ENDOPLASMIC_RETICULUM_UNFOLDED_
PROTEIN_RESPONSE pathway. Anaerostipes can inhibit 
tumor growth by enhancing CD8 T cells infiltration 
into CRC tumor tissue [62]. This indicates that LDL-C 
and Anaerostipes have a dynamic equilibrium, directly 
or indirectly interfering with endoplasmic reticulum 
unfolded protein response, thus influencing CRC pro-
gression. However, LDL-C and Anaerostipes only showed 
a negative correlation after synbiotic supplements in 
lactating pigs [63]. Further research is needed to con-
firm this conclusion, suggesting that the combination of 
LDL-C and Anaerostipes may be a potential CRC screen-
ing biomarker.

In recent years, machine learning such as the mul-
tilayer perceptron (MLP) model and XGBoost (XGB) 
model have been applied to predict CRC clinical con-
ditions and biochemical indexes [64, 65]. Although 
LDL-C status can be obtained through serology exami-
nation, research on gut microbiota has deepened, 
making it increasingly useful for the prevention and 
diagnosis of CRC, including clinical status recogni-
tion [66, 67]. Therefore, MLP and XGB models, com-
bined with differential gut microbiota, were used to 
predict the LDL-C status of CRC patients. Overall, 
the confusion matrices of both models indicate some 
false alarm rates in their predictions. However, the 
AUC of the ROC curve for MLP-based LDL-C predic-
tion model was greater than 0.7 in both training and 
validation cohorts. For XGB-based model, it has also 
demonstrated good predictive performance. The find-
ings suggest that both models possess certain predic-
tive precision, with the MLP-based LDL-C prediction 

model showing better performance. This model has 
practical clinical utility to detect LDL-C metabolism in 
CRC patients through gut microbiota. The construction 
of these models provides more clinical significance for 
CRC patients’ gut microbiota, offering biological indi-
cators for clinical evaluation and biological treatment 
of LDL-C-guided CRC.

This research has some limitations, particularly the 
lack of a healthy population control, which hinders the 
comparison of LDL-C metabolic disorders and micro-
bial status between CRC patients and healthy individuals. 
Future studies will include healthy populations to further 
investigate the relationship between characteristic micro-
biota in CRC patients and LDL-C metabolic disorders. 
However, this research aims to identify microbial factors 
contributing to abnormal LDL-C metabolism in CRC 
patients and understand the pathogenesis of these dif-
ferential microbial communities. Comparing two groups 
of CRC patients is more effective for identifying micro-
biota related to LDL-C metabolic disorders within the 
same cancer background. Interestingly, some character-
istic bacterial communities, including Veillonella, can 
colonize other natural human lumens connected to the 
gastrointestinal tract [68]. Research on the changes and 
connections between these privileged sites and intestinal 
microbiota in CRC progression will provide more accu-
rate and personalized biological basis for diagnosing and 
treating CRC.

Secondly, although the study has identified the char-
acteristic intestinal microbiota potential in improving 
LDL-C metabolic disorders and aiding in diagnosing and 
treating CRC through clinical sample data analysis and 
previous studies, it is essential to validate these results 
and inferences through wet experiments in experimen-
tal organisms. Further exploration of the mechanisms 
by which gut microbiota mediate LDL-C metabolic dis-
orders and CRC progression is also necessary. Addition-
ally, the data for this study are sourced from real clinical 
patients, providing irreplaceable biochemical and gut 
microbiota results for CRC patients. This approach can 
significantly reduce errors among subjects and dis-
ease characteristics, offering research guidance based 
on microbiota abundance to explore the connection 
between microbiota and metabolic disorders of LDL-C in 
CRC patients.

This study focused on microbial factors related to 
LDL-C metabolic disorders and microbial pathogenicity 
within the upper limit of clinical LDL-C normal values. 
Future research will investigate how gut microbiota differ 
across various LDL-C levels and their relationship with 
CRC pathogenicity.
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Conclusions
The metabolic status of LDL-C in CRC patients is regu-
lated by gut microbiota. When LDL-C levels are abnor-
mally elevated, gut microbiota can influence immune 
cell function and immune gene expression within the 
host TME. This, in turn, affects cancer-related biologi-
cal pathways and promotes CRC progression. LDL-C 
and its associated gut microbiota could serve as non-
invasive biomarkers for CRC clinical evaluation and 
treatment.
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