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Purpose: Colon cancer is one of the leading causes of death worldwide, and screening of effective molecular markers for the
diagnosis is prioritised for prevention and treatment. This study aimed to investigate the diagnostic and predictive potential of genes
related to the lipid metabolism pathway, regulated by a protein called sterol-regulatory element-binding transcription Factor 2
(SREBF2), for colon cancer and patient outcomes.

Methods: We used machine-learning algorithms to identify key genes associated with SREBF2 in colon cancer based on a public
database. A nomogram was created to assess the diagnostic value of these genes and validated in the Cancer Genome Atlas. We also
analysed the relationship between these genes and the immune microenvironment of colon tumours, as well as the correlation between
gene expression and clinicopathological characteristics and prognosis in the China Medical University (CMU) clinical cohort.
Results: Three genes, 7-dehydrocholesterol reductase (DHCR7), hydroxysteroid 11-beta dehydrogenase 2 (HSD1I1B2), and Ral
guanine nucleotide dissociation stimulator-like 1 (RGL1), were identified as hub genes related to SREBF2 and colon cancer. Using
the TCGA dataset, receiver operating characteristic curve analysis showed the area under the curve values of 0.943, 0.976, and 0.868
for DHCR7, HSD11B2, and RGLI, respectively. In the CMU cohort, SREBF2 and DHCR7 expression levels were correlated with
TNM stage and tumour invasion depth (P < 0.05), and high DHCR?7 expression was related to poor prognosis of colon cancer (P <
0.05). Furthermore, DHCR7 gene expression was positively correlated with the abundance of MO and M1 macrophages and inversely
correlated with the abundance of M2 macrophages, suggesting that the immune microenvironment may play a role in colon cancer
surveillance. There was a correlation between SREBF2 and DHCR?7 expression across cancers in the TCGA database.

Conclusion: This study highlights the potential of DHCR?7 as a diagnostic marker and therapeutic target for colon cancer.
Keywords: colon cancer, sterol-regulatory element-binding transcription Factor 2, SREBF2, 7-dehydrocholesterol reductase, DHCR7,

diagnosis, machine learning

Introduction
Colon cancer is a common malignant tumour of the digestive tract. The incidence of colon cancer is increasing annually,'
with 2.5 million cases estimated to occur worldwide by 2035.> Most cases start as abnormal polyps, which gradually
progress to colon cancer after a long development period.® Genetic and epigenetic changes have been shown to cause
oncogene activation, eventually leading to the formation of colon cancer stem cells.*>

Lipids are important components of the cell membrane and act as signalling molecules, with an important role in
maintaining cell homeostasis.® Lipid metabolism disorders, such as disorders of fatty acid and cholesterol metabolism,
are among the most prominent metabolic changes in cancer.” Cancer cells in the tumour microenvironment can utilize
lipid metabolism and the products of lipid decomposition to produce the energy and signalling molecules needed for their
own proliferation, invasion, and metastasis.® '° For example, acetyl coenzyme A carboxylase 1 (ACC1) is a rate-limiting
enzyme for fatty acid synthesis that is highly expressed in many human cancers. ACC1 depletion reduces fatty acid
synthesis and further induces the apoptosis of tumour cells."’ Lipid synthesis is regulated by sterol-regulatory element
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binding proteins (SREBPs), of which there are three forms in mammals: SREBP-1a, SREBP-1c, and SREBP-2.'
Increasing evidence has shown that SREBP-2 (also known as SREBF2) can integrate multiple cell signalling pathways
and participate in cancer progression by controlling lipid synthesis.'*"'* Notably, SREBF2 and its regulated mevalonate
pathway have become important targets in the treatment of various cancers, including prostate cancer,'” breast cancer,'®
and hepatocellular carcinoma.'” However, the mechanisms and downstream pathways regulated by SREBF2 in colon
cancer remain unclear.

7-dehydrocholesterol reductase (DHCR7) is a critical enzyme that plays a key role in cholesterol metabolism and the
synthesis of vitamin D.'® It is associated with fetal development and growth,'® as well as tumor cell differentiation and
apoptosis.”’ Homozygous or compound heterozygous mutations in DHCR?7 can lead to developmental disorders such as
Smith-Lemli-Opitz syndrome”' and fetal death, highlighting the importance of this enzyme in human development and
survival. Furthermore, previous studies have shown that mutations in the DHCR7 gene are associated with an increased
risk of various cancers, including ovarian cancer,”” skin cancer,” and gastric cancer.>* Li et al discovered that DHCR7
could promote the occurrence of bladder cancer through the PI3K/AKT/mTOR signaling pathway.”> However, the
biological functions of DHCR7 in colorectal cancer remain incompletely understood. The early symptoms of colon
cancer are not prominent; thus, most patients do not visit a doctor and are not diagnosed until they have late-stage
disease. Despite numerous individualized treatment schemes for patients with colon cancer, the prognosis of patients with
advanced colon cancer is still very poor.® The early diagnosis of colon cancer thus remains an important focus of
attention. The recent application of machine learning has shown great potential in various aspects of cancer research,
such as cancer classification and prediction, drug response, and treatment strategies.”’” Machine learning can help to
identify and classify patterns in complex and large datasets.”® This feature is especially suitable in the study of high-
dimensional data, such as genomic and proteomic data. The current study thus aimed to screen SREBF2-related lipid
metabolism genes as potential biomarkers for the diagnosis of colon cancer using machine learning algorithms and
bioinformatics analysis and to further explore their prognostic potential.

Materials and Methods

Data Collection and Processing

This study included three colon cancer cohorts from the Gene Expression Omnibus (GEO) and The Cancer Genome Atlas
(TCGA) databases and a local dataset. The GEO cohort (http://www.ncbi.nlm.nih.gov/geo/) included seven datasets:
GSE10950, GSE17536,”° GSE21510,”' GSE41328,”> GSE44861,”> GSE74602, and GSE110224.>* Information on the

above datasets is provided in Supplementary Table 1. The seven datasets were processed using the R packages “sva’™>

“limma”,*® and the processing included background correction, batch effect removal, log transformation, quantile normalization,

and

and finally merging. The TCGA dataset was derived from transcriptome sequencing data (https://portal.gdc.cancer.gov/), and the

local dataset was obtained from colon cancer samples from the First Hospital of China Medical University (CMU cohort). The
sample sizes of three cohorts are shown in Table 1. The lipid metabolism pathway gene set was obtained from the Molecular
Signature Database (https:/www.gsea-msigdb.org/gsea/msigdb/index.jsp) (Supplementary Table 2).

Screening Hub Genes by Machine Learning Algorithms
Machine learning algorithms have been shown to be powerful tools for identifying important genes and pathways
involved in cancer development and progression. Support vector machine (SVM) is a binary classification model that

Table | Sample Sizes of GEO, TCGA, and CMU Cohorts

Control Sample Tumor Sample
GEO cohort 161 437
TCGA cohort 41 462
CMU cohort 141 141

Abbreviations: GEO, Gene Expression Omnibus; TCGA, The Cancer
Genome Atlas; CMU, China Medical University.
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performs nonlinear classification by mapping data into high-dimensional space. Random forest (RF) is an ensemble
learning algorithm that consists of multiple decision trees and performs classification or regression by voting.
Generalized linear regression (GLM) is a widely used regression method that fits a linear model by minimizing the
sum of squared residuals. Extreme gradient boosting (XGB) is an ensemble learning algorithm that improves prediction
accuracy by iteratively training multiple decision trees. We used four algorithms, SVM, RF, GLM, and XGB models,
with four R packages, “kernlab”, “randomForest”, “caret”, and “xgboost”, to screen SREBF2-related lipid metabolism
genes in colon cancer in the GEO cohort for diagnosis. We used colon cancer as the response variable and the related
lipid metabolism genes as the explanatory variables. By setting random seeds, the dataset was divided randomly into
a training set and a test set at a ratio of 7:3. The training set included 419 samples (306 colon cancer samples and 113
normal samples), and the test set included 179 samples (131 colon cancer samples and 48 normal samples). We used the
R package “DALEX” to explain and analyse the above four models and to draw reverse cumulative distribution plots of
residuals and residual boxplots. The optimal model was selected by comparing the residual values, the areas under the
receiver operating characteristic (AUC, ROC) curves, and the root mean square errors of the four models. Finally, three
of the most important explanatory variables, hub lipid metabolism genes, were selected for subsequent analysis based on
the model gene importance score.

Evaluation and Exploration of Hub Genes

Based on the hub genes screened above, we generated a nomogram for the diagnosis of colon cancer using the R package
“rms”. We then drew calibration and decision curves using the R package “rmda” to evaluate the predictive performance
of the nomogram. Additionally, we used the TCGA cohort as an external validation set and evaluated the diagnostic
performance of the identified hub genes using ROC curves. Subsequently, we selected the gene with the highest gene
importance score and explored its potential regulatory relationship with SREBF2 by using an online genetic perturbation

similarity analysis database (GPSAdb; http://guotosky.vip:13838/GPSA/). Subsequently, based on the median expression

levels of the core genes, colon cancer samples in the TCGA dataset were divided into high and low expression groups,
and GSEA was performed.

Immune Landscape of Colon Cancer
We evaluated the abundance of 22 immune infiltrating cells in the GEO and TCGA cohort samples using the
CIBERSORT algorithm and compared immune infiltration profiles between normal and tumour samples. We also
examined the correlation between the expression of 7-dehydrocholesterol reductase (DHCR7), the most important core
gene identified by scoring, and immune cell levels.

Correlation Between DHCR7 Expression and the Prognosis of Colon

Adenocarcinoma Patients After Surgery

A total of 141 patients with colon adenocarcinoma who underwent surgery between January 2019 and June 2022 at the
First Affiliated Hospital of China Medical University were included in this study. All patients provided informed consent
before surgery. Clinicopathological data, including age, sex, tumour location, tumour differentiation status, tumour
invasion depth, T stage, lymph node metastasis, and TNM stage, were recorded. All the specimens were used for
pathological confirmation by two pathologists, with the pathological classification of the primary tumour and the degree
of lymph node metastasis confirmed according to the eighth TNM stage. The patients were followed up in the outpatient
department and then annually, with the last follow-up on October 30, 2022. The follow-up included documentation of the
patients’ medical history and physical examinations. Tissue samples were prepared and preserved by paraffin embedding.
Serial 4-um-thick sections were cut and transferred to adhesive slides. Immunohistochemical staining was performed
using an anti-SREBP2 polyclonal antibody (1:1000, R&D Systems, MAB7119) or an anti-DHCR?7 antibody (1:1200,
Abmart, PHY2844) at 4 °C overnight, followed by incubation with polyclonal peroxidase-conjugated anti-rabbit 1gG
(Zhongshanjingiao, Beijing, China) at room temperature for 20 min, according to the manufacturer’s instructions. Each
tissue sample was scored independently based on the percentage of stained tumour cells and the staining intensity (range
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0-3) by two experienced pathologists who were blinded to the clinical data. The scoring distribution was defined as 0-1
for negative staining and 2-3 for positive staining. The correlation was obtained by combining the staining results with
the clinicopathological information. We further explored the relationship between DHCR7 gene expression and patient
prognosis by univariable and multivariable Cox proportional hazard regression analyses and survival curves in the CMU
cohort.

Statistical Analysis

All statistical analyses were carried out using R software (version 4.1.3, https://www.r-project.org/). Genetic associations

were analysed using Spearman correlation analysis. Boxplots of differences in gene expression between normal and
tumour samples were created using Wilcoxon’s test. Differences in the abundances of immune cells between normal and
tumour samples were analysed using the Kruskal-Wallis test. Correlations between gene expression and clinicopatho-
logical features were analysed by y* tests. When the expected lattice count was < 5, differences between categorical
factors were analysed using Pearson’s or Yates’ 3> test. Univariable and multivariable analyses were carried out using
a Cox risk regression model. Kaplan—Meier curves were drawn, and the corresponding P values were obtained by the
Log rank test. Results with P < 0.05 were considered to be statistically significant.

Results
|dentification of SREBF2-Related Lipid Metabolism Genes

SREBF2-related lipid metabolism genes were identified in the GEO cohort using Spearman correlation analysis, using an
absolute correlation coefficient value > 0.3 and P < 0.001 as filter conditions. Finally, we identified 50 upregulated and
downregulated lipid metabolism genes (Figure 1).

Screening of Hub Genes Using Diagnostic Models

We further screened the hub genes by generating four diagnostic models: SVM, RF, GLM, and XGB in the training
dataset of the GEO cohort. The hub gene importance scores of the four diagnostic models are shown in Figure 2A.
Residual boxplots and reverse cumulative distribution plots of residuals showed that the residual values were lower for
the SVM and XGB models than for the RF and GLMs, indicating that the former had better diagnostic efficiency
(Figure 2B and C). In addition, ROC curve analysis showed that the SVM diagnostic model had the best diagnostic
efficiency in the testing dataset of the GEO cohort (AUC = 0.944) (Figure 2D). The top three genes in terms of
importance score were therefore selected as hub genes for subsequent analysis based on the results of the SVM
diagnostic model.

Generation and Evaluation of a Nomogram for Colon Cancer Diagnosis Using Hub

Genes

Based on the three hub genes 7-dehydrocholesterol reductase (DHCR?7), hydroxysteroid 11-beta dehydrogenase 2 (HSD11B2),
and Ral Guanine Nucleotide Dissociation Stimulator Like 1 (RGL1), which were screened by the SVM diagnostic model, we
generated a nomogram for the diagnosis of colon cancer in the GEO cohort (Figure 3A). We also used calibration and decision
curves to evaluate the accuracy of the nomogram for colon cancer diagnosis (Figure 3B and C). The correction curve showed
that the error between the real and predicted values was very small, indicating that the model had high accuracy. The decision
curve showed that the “nomogram” curve was above the grey intervention line, indicating that patients might benefit from the
model within the threshold range of 0—1. We further verified the screened hub genes in the TCGA cohort. The AUCs of the
ROC curves for the analysis of DHCR7, HSD11B2, and RGLI expression were 0.943, 0.976, and 0.868, respectively
(Figure 3D-F), further indicating the accuracy of the model. In the TCGA cohort, DHCR?7 gene expression levels were
significantly higher, while HSD1/B2 and RGLI expression levels were significantly lower in tumour samples than in normal
samples (P < 0.001) (Figure 3G-I). These results suggest that DHCR7 may be a risk factor, while HSD1/B2 and RGL 1 might
be protective factors for colon cancer.
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Figure | Correlation plot of the expression of SREBF2-related lipid metabolism genes. The colour of each cell represents the correlation between the expression levels of
two genes, with red indicating a positive correlation and black indicating a negative correlation. An “X” in a cell indicates a p value greater than 0.001.

Identification of DHCR7 as a Downstream Target Gene of SREBF2 in Colon Cancer
The DHCR?7 gene had the highest importance score among the hub genes screened by the four diagnostic models and was
therefore investigated further. We used the Gene Transcription Regulation Database (GTRD; http://gtrd.biouml.org) and
the Human Transcription Factor Target database (hTFtarget; http://bioinfo.life.hust.edu.cn/hTFtarget) to predict the
possible target genes of SREBF2. DHCR7 was predicted as a target gene by both databases, and we therefore speculated
that DHCR7 might be a target gene of SREBF2. We subsequently explored the RNA-seq dataset (GSE73942) using the
online Genetic Perturbation Similarity Analysis Database (GPSAdb; http://guotosky.vip:13838/GPSA/).*” The results of
MA and volcano plots showed that the DHCR7 gene was significantly downregulated after knockdown of SREBF?2
(Figure 4A and B). We therefore speculated the existence of a positive regulatory relationship between SREBF2 and
DHCRY7. There was a significant positive correlation between SREBF2 and DHCR?7 expression in the TCGA cohort (R =
0.588, P < 0.001) (Figure 4C). Correlation analysis of 33 pancancer samples in the TCGA database also showed
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a positive correlation (Figure 4D), thus confirming our hypothesis. Subsequently, we divided the colon cancer samples in

the TCGA dataset into high and low expression groups based on the median expression levels of DHCR?7. The results of
GSEA showed that the HALLMARK MYC TARGETS V2 pathway was significantly activated in the high expression
group of DHCR7 (Figure 4E and F), indicating a potential role of DHCR?7 in the regulation of this pathway.
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Immune Microenvironment Landscape in the GEO and TCGA Cohorts

To further understand the characteristics of the colon cancer immune microenvironment, we calculated the abundances of
22 types of immune cells in the GEO and TCGA cohorts (Figure SA and B). In the GEO cohort, M2 macrophages,
resting CD4 T cells, plasma cells, resting mast cells, and yd T cells were more prevalent in normal samples than in
tumour samples, while MO and M1 macrophages, activated mast cells, activated dendritic cells, and neutrophils
accounted for higher proportions in tumour samples (Figure 5C). MO and M1 macrophages were also more abundant
in tumour samples than in normal samples in the TCGA cohort, while M2 macrophages, plasma cells, resting mast cells,
and CDS8 T cells were more abundant in normal samples (Figure 5D). Considering the proportions of different immune
cells, the immune microenvironments of the two cohorts were similar: MO and M1 macrophages were more abundant in
tumour samples, while M2 macrophages were less abundant, suggesting that tumour-associated macrophages may play
an important role in regulating the tumour immune microenvironment. We further explored the correlation between
DHCR?7 gene expression and immune cell abundance in the two cohorts. We found a significant positive correlation
between DHCR7 gene expression and M0 and M1 macrophages (P < 0.05) and a significant negative correlation with M2
macrophages (P < 0.001) in the GEO cohort (Figure SE) and similar results in the TCGA cohort (P < 0.001) (Figure 5F).
These results suggest that the DHCR7 gene might be involved in regulation of the immune microenvironment by

mediating the polarization of macrophages.
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Figure 5 Immune microenvironment in GEO and TCGA cohorts (A and B) Bar plots of immune cell abundance in the GEO and TCGA cohorts. (C and D) Boxplots of
differences in immune cells between normal and tumour samples in the GEO and TCGA cohorts. (*p <0.05, **p <0.01, ***p <0.001,***p < 0.0001). (E and F) Correlation

analysis of DHCR7 and immune cells in the GEO and TCGA cohorts.

Correlation Between DHCR7-SREBF2 Expression and Clinicopathological Parameters
in the CMU Cohort

We detected the expression levels of DHCR7 and SREBF2 proteins by immunohistochemical staining of colon cancer
and adjacent normal samples in the CMU cohort (Figure 6). The results showed that DHCR7 and SREBF2 were

obviously highly expressed in colon cancer tissues. Furthermore, SREBF2 and DHCR?7 expression levels were sig-

nificantly correlated with TNM stage and tumour invasion depth (P < 0.05) (Table 2).
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Figure 6 Representative immunohistochemical staining of colon cancer sections Representative photomicrographs of colon cancer sections with (A) SREBF2 score = 0, (B)
SREBF2 score = I, (C) SREBF2 score = 2, and (D) SREBF2 score = 3. Representative photomicrographs of colon cancer sections with (E) DHCR7 score = 0, (F) DHCR7
score = |, (G) DHCR7 score = 2, and (H) DHCR7 score = 3. Immunohistochemical staining of (I) SREBF2 and (J) DHCR7? in normal tissues. Scale bar, 200 pm.

Survival Analysis in Relation to DHCR7 Expression in the CMU Cohort

We further explored the influence of DHCR7 expression level, detected by immunohistochemistry, on patient prognosis
in our cohort using Cox risk ratio regression and Kaplan—Meier curve analysis. Kaplan—-Meier curves showed that high
DHCR?7 expression was associated with a poorer prognosis than low DHCR7 expression (Figure 7A). Univariable Cox
risk regression analysis identified a significant correlation between DHCR7 expression and overall survival (hazard ratio
[HR] = 5.580, P < 0.001), which was confirmed by multivariable Cox risk regression analysis (HR = 4.639, P < 0.001)
(Figure 7B). This result confirmed our hypothesis that DHCRY? is a risk factor for colon cancer.

Discussion

The role of lipids in tumour occurrence and development has recently been the focus of increased attention. Lipids act as
important carriers for energy storage and metabolism, and in addition to glycolysis, tumour cells use energy provided by
lipid metabolism to maintain their malignant proliferation. Lipids are also important components of the cell membrane
structure and biological signalling molecules, and tumour cells can promote their escape and dissemination by regulating
lipid metabolism.*® Some studies found that cancer cell growth was inhibited by the inhibition of fatty acid synthase
activity.”® These results suggest that interventions targeting lipid metabolism may provide new opportunities for tumour
treatment. Fatty acid synthesis is mainly regulated by SREBPs, including SREBP1a, SREBP1c, and SREBP2. SREBP1a
and SREBPI1c mainly regulate the expression of enzymes related to fatty acid, triglyceride, and glucose metabolism,
while SREBP2 mainly regulates cholesterol metabolism. SREBPs are also involved in endoplasmic reticulum stress,
inflammation, autophagy, and apoptosis, which are closely related to obesity, dyslipidaemia, and cancer.** SREBP-
mediated lipogenesis was shown to affect the growth and metastasis of colon cancer,*' and inhibiting the activation of
SREBP2-dependent cholesterol biosynthesis reduced the metastasis of colorectal cancer.*” However, although numerous
studies have investigated the SREBP transcription factor family, its mechanism in human colon cancer remains unclear
because of its numerous regulatory pathways. We therefore used machine learning and bioinformatics methods to screen
for SREBF2-related lipid metabolism hub genes and to explore the role of these genes in the diagnosis and prognosis of
colon cancer.
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Table 2 Clinical and Demographic Characteristics of Patients with Colorectal Carcinoma in the CMU

aro(q

a0

91:£707 Adesay] pue s3a8.4e) 0ouQ

sdyy

LEOI

Characteristics Overall SREBF2 Expression Level DHCR7 Expression Level
Total (n = 141) Low (n = 81) High (n = 60) P Low (n = 80) High (n = 61) p

Sex Female 43 (30.50%) 21 (25.93%) 22 (36.67%) 0.883 24 (30.00%) 19 31.15%) 0.171
Male 98 (69.50%) 60 (74.07%) 38 (63.33%) 56 (70.00%) 42 (68.85%)

Age (years) Mean + SD 647 £ 11.7 633 %112 64.1 £ 114 633 %112 64.1 £ 114
< 65 125 (88.65%) 73 (90.12%) 52 (86.67%) 0.621 70 (87.50%) 55 (90.16%) 0.522
> 65 16 (11.35%) 8 (9.88%) 8 (13.33%) 10 (12.50%) 6 (9.84%)

Tumour size (cm) <5 76 (53.90%) 49 (60.49%) 27 (45.00%) 0.967 43 (53.75%) 33 (54.10%) 0.068
>5 65 (46.10%) 32 (39.51%) 33 (55.00%) 37 (46.25%) 28 (45.90%)

Differentiation Poor 73 (51.77%) 41 (50.62%) 32 (53.33%) 0.591 43 (53.75%) 30 (49.18%) 0.750
Moderate/WVell 68 (48.23%) 40 (49.38%) 28 (46.67%) 37 (46.25%) 31 (50.82%)

Invasion depth Submucosal or myometrial invasion 24 (17.02%) 21 (25.93%) 3 (5.00%) 0.047 18 (22.50%) 6 (9.84%) 0.001
Full-thickness infiltration or extraserosal 117 (82.98%) 60 (74.07%) 57 (95.00%) 62 (77.50%) 55 (90.16%)

T stage Tl 6 (4.26%) 5 (6.17%) I (1.67%) < 0.001 6 (7.50%) 0 (0.00%) < 0.001
T2 14 (9.93%) 13 (16.05%) I (1.67%) Il (13.75%) 3 (4.92%)
T3 93 (65.96%) 61 (75.31%) 32 (53.33%) 59 (73.75%) 34 (55.74%)
T4 13 (9.22%) 0 (0.00%) 13 (21.67%) 0 (0.00%) 13 (21.31%)
Unknown I5 (10.64%) 2 (2.47%) 13 (21.67%) 4 (5.00%) Il (18.03%)

N stage NO 67 (47.52%) 54 (66.67%) 13 (21.67%) 0.005 47 (58.75%) 20 (32.79%) < 0.001
NI 35 (24.82%) 17 (20.99%) 18 (30.00%) 19 (23.75%) 16 (26.23%)
N2 24 (17.02%) 8 (9.88%) 16 (26.67%) 10 (12.50%) 14 (22.95%)
Unknown 15 (10.64%) 2 (2.47%) 13 (21.67%) 4 (5.00%) 11 (18.03%)

M stage Mo 107 (75.89%) 73 (90.12%) 34 (56.67%) < 0.001 72 (90.00%) 35 (57.38%) < 0.001
MI 19 (13.48%) 6 (7.41%) 13 (21.67%) 4 (5.00%) 15 (24.59%)

Abbreviations: CMU, China Medical University; SREBF2, sterol-regulatory element-binding transcription Factor 2; DHCR7, 7-dehydrocholesterol reductase.
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Figure 7 Survival analysis in relation to high and low expression of DHCR7 determined by immunohistochemistry in the CMU cohort (A) Kaplan—Meier survival curves for
DHCR?7. (B) Univariable and multivariable analyses of factors associated with overall survival.
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We identified lipid metabolism genes related to SREBF2 from the lipid metabolism pathway gene set and screened for
hub genes using four machine learning algorithms. The SVM model was identified as the best screening model, and three
hub genes, DHCR7, HSD11B2, and RGL1, were identified according to their gene importance scores. We then generated
a nomogram for the diagnosis of colon cancer based on these three hub genes. Correction and decision curve analyses
showed excellent diagnostic performance of the model in the GEO cohort, and this was validated in the TCGA cohort,
indicating the reliability of the model. Comparing the expression levels of DHCR7, HSD11B2, and RGLI showed that
DHCR?7 was significantly upregulated, while HSD1/B2 and RGL1 were significantly downregulated in tumour samples
compared with normal tissue samples, suggesting that DHCR7 might be a risk factor for colon cancer. Because the
DHCR?7 gene ranked first in the four algorithms, we further explored and verified its role in colon cancer. The
relationship between DHCR7 and SREBF? is still unclear. We predicted the target gene of SREBF?2 using the GTRD
and hTFtarget gene databases, which predicted DHCR?7 as a downstream target gene of SREBF2. In addition, analysis of
cell lines with SREBF2 gene knockdown in the GPSAdb website showed that DHCR7 was significantly downregulated
after SREBF2 knockdown.** We also found significant positive correlations between SREBF2 and DHCR7 expression in
33 TCGA pancancer samples, indicating an obvious regulatory relationship between SREBF2 and DHCR?7. Cholesterol
synthesis is regulated by the key transcription factor SREBF2 and the downstream genes 3-hydroxy-3-methylglutaryl
coenzyme A reductase, 3-hydroxy-3-methylglutaryl coenzyme A synthase 1, and squalene synthase.** DHCR7 plays an
important role in the maintenance and turnover of physiological cholesterol during the final step in cholesterol
biosynthesis. In addition, SREBP1 and SREBP2 binding sites have been identified in the promoter region of
DHCR7.%5* We therefore speculated that DHCR7 might be the downstream target gene of SREBF2.

In addition to changes in lipid metabolism in tumour cells, changes in lipid metabolism in the tumour microenvironment
may affect the distribution of infiltrating immune cells. We evaluated the abundances of infiltrating immune cells in the GEO
and TCGA cohorts using CIBERSORT and revealed the association between DHCR?7 expression and immune cell infiltration
in colon cancer by Spearman correlation analysis. The results showed that the levels of both M0 and M1 macrophages were
significantly increased, while the levels of M2 macrophages were decreased in colon cancer. Correlation analysis also showed
that DHCR?7 expression was positively correlated with the abundance of M0 and M1 macrophages and inversely correlated
with the abundance of M2 macrophages. Interestingly, Gerrick et al found that DHCR7 was an important regulatory factor of
M2 macrophages: knockdown of DHCR?7 did not affect the expression of M2 cell surface markers but significantly reduced
the secretion of interleukin (IL)-10 and T-cell receptor alpha constant, which are the main cytokines involved in M2
function.*” Goossens et al demonstrated that increased cholesterol efflux in tumour-associated macrophages could enhance
tumour-related functions, which was in turn related to the increase in IL-4 levels and inhibition of interferon-y.***° Based on
this abnormal phenomenon, we speculated that the excessive deposition of lipids in the tumour microenvironment might
counteract the effect of DHCR?7 and promote the polarization of macrophages to the M1 phenotype.>® Apoptosis of adipocytes
in the tumour microenvironment initiates the infiltration of macrophages, while living adipocytes maintain a proinflammatory
response, thereby promoting the polarization of macrophages from an M2 to an M1 phenotype.’’ In addition, the early-stage
tumour microenvironment is characterized by M1 macrophage infiltration, and metabolic reprogramming of tumour cells
results in changes in the tumour microenvironment, thus affecting the composition and function of immune cells.’*>* Finally,
validation in the CMU cohort showed that DHCR7 was highly expressed in tumour tissues, and high expression levels were
significantly correlated with tumour TNM stage. Kaplan—Meier survival curves and univariable and multivariable analyses
also showed that patients with high expression of DHCR7 had a poorer prognosis than those with lower expression levels. In
addition, Zou et al showed that high expression of DHCR? in cervical cancer may indicate a poor prognosis.”* The current
results thus suggest that DHCR7 may be a downstream target gene of SREBF2 and may affect the development and
progression of colon cancer by regulating cholesterol metabolism and participating in immune-related pathways. AY 9944
and tamoxifen are two drugs that may be related to SREBF2-mediated regulation of cholesterol metabolism. AY 9944 is
a specific inhibitor of cholesterol biosynthesis that inhibits the activity of the DHCR7 enzyme, causing cholesterol deficiency
and accumulation of 7DHC. Additionally, at high doses, AY 9944 can inhibit the activity of sterol A7-A8 isomerase, leading to

the accumulation of cholesterol 8-en-3p-ol.>

Tamoxifen is a selective oestrogen receptor modulator that blocks the action of
oestrogen in breast cancer cells and activates oestrogen activity in other cells. Tamoxifen can also serve as an effective Hsp90

activator, enhancing the activity of the Hsp90 molecular chaperone ATPase. Moreover, tamoxifen can bind with high affinity
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to the antiestrogen binding site AEBS (a heterooligomeric complex consisting of D8D71 and DHCR?7). Therefore, researchers
can further explore the potential roles of these drugs in SREBF2-regulated cholesterol metabolism and colon cancer therapy.

The current study had some limitations. Although we speculated that DHCR7 may be a downstream target gene of
SREBF?2, further studies are needed to verify this hypothesis. In addition, we did not stratify patients according to TNM stage
and were unable to determine differences in DHCR7 expression between early-, middle-, and late-stage colon cancer.

Conclusion

In summary, we analysed the expression of DHCR?7, a lipid metabolism gene related to SREBF2, by machine learning.
DHCR7 may be a useful diagnostic biomarker for colon cancer, and high expression of DHCR7 may indicate a poor
prognosis in patients with colon cancer.
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