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Abstract: A global protein interactome ensures the maintenance of regulatory, signaling and struc-
tural processes in cells, but at the same time, aberrations in the repertoire of protein–protein interac-
tions usually cause a disease onset. Many metabolic enzymes catalyze multistage transformation of
cholesterol precursors in the cholesterol biosynthesis pathway. Cancer-associated deregulation of
these enzymes through various molecular mechanisms results in pathological cholesterol accumula-
tion (its precursors) which can be disease risk factors. This work is aimed at systematization and
bioinformatic analysis of the available interactomics data on seventeen enzymes in the cholesterol
pathway, encoded by HMGCR, MVK, PMVK, MVD, FDPS, FDFT1, SQLE, LSS, DHCR24, CYP51A1,
TM7SF2, MSMO1, NSDHL, HSD17B7, EBP, SC5D, DHCR7 genes. The spectrum of 165 unique and
21 common protein partners that physically interact with target enzymes was selected from sev-
eral interatomic resources. Among them there were 47 modifying proteins from different protein
kinases/phosphatases and ubiquitin-protein ligases/deubiquitinases families. A literature search,
enrichment and gene co-expression analysis showed that about a quarter of the identified protein
partners was associated with cancer hallmarks and over-represented in cancer pathways. Our re-
sults allow to update the current fundamental view on protein–protein interactions and regulatory
aspects of the cholesterol synthesis enzymes and annotate of their sub-interactomes in term of
possible involvement in cancers that will contribute to prioritization of protein targets for future
drug development.

Keywords: cholesterol; cholesterol precursors; pathway; enzymes; protein partners; interactome;
cancer; tumor; TCGA; protein–protein interaction

1. Introduction

In normal cells, cholesterol is a crucial component of biomembranes. It plays a regu-
latory and signaling role interacting with cholesterol-binding proteins. Cholesterol is the
precursor of steroid hormones and bile acid biosynthesis pathways [1]. In the last ten years,
cholesterol emerged as a modulator of tumor progression [2–6]. Cholesterol accumula-
tion is a characteristic feature for cancer cells [5,7]. Cholesterol-containing membrane raft
domains regulate certain types of proteins, including various cell signaling ones that are
critical to tumor cell survival and invasiveness. This suggests that membrane rafts have
a regulatory role in tumor progression [8]. Exogenous cholesterol intake was positively
associated with higher incidence of stomach, kidney, pancreas, lung, breast, bladder, colon,
rectum cancers and lymphoma [7].

Enzymes of cholesterol synthesis pathway represent molecular targets for drugs,
mainly, statins. Although the number of registered clinical trials of statin therapy in cancer
treatment has reached about two hundred (keywords: disease—cancer; other terms—
statin; (https://clinicaltrials.gov/, accessed on 1 June 2021), statins efficacy remains quite
controversial due to their pleiotropic effects [9,10]. Statin application was associated with
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reduction of cancer risk by 20% [11]. However, the addition of statins to standard anticancer
therapy does not improve overall survival [12,13].

Involvement of enzymes of cholesterol synthesis pathway (cholesterol synthesis en-
zymes) in provoking and maintaining pathological cancer-dependent processes is closely
linked with regulation on transcriptional and post-translational levels [1,14]. The last
one can be realized through protein–protein interactions (PPIs) and post-translational
modifications (PTMs) resulting in a change of protein stability and enzymatic activity.

With the growing number of experimentally determined PPIs of cholesterol synthesis
enzymes, it is necessary to assess and make comparative analysis of available information
on both interactomes of individual enzymes (sub-interactomes) and the group interactome
for several enzymes, functioning in a single metabolic pathway. The aim of the work was
to systematize interactomics data on the cholesterol synthesis enzymes with respect to the
cancer context. This is intended to update the current understanding of the functional and
regulatory aspects of the cholesterol synthesis pathway in socially significant diseases.

2. Materials and Methods
2.1. TCGA Datasets Analysis

The Cancer Genome Atlas (TCGA) program has generated, analyzed, and made avail-
able data on the genomic sequence, expression, methylation, and copy number variation of
over 11,000 individuals with over 30 different types of cancer [15,16]. The TCGA database
was used to determine the expression patterns of genes, encoding cholesterol synthesis
enzymes, as well as to find the associations with patient survival. The Gene Expression
Profiling Interactive Analysis (GEPIA2) web server [17] (http://gepia2.cancer-pku.cn/,
accessed on 23 April 2021) was used to obtain median values of gene expression in tumor
and normal tissues from TCGA datasets and to determine the tumor/normal ratio or
fold change (FC). The selection of differentially expressed genes (DEGs) was performed
according to FC ≥ 3 and cut-off significance level 0.01. A heat map was plotted using web
server NG-CHM GUI 2.19.1 [18]. Prognostic value of DEGs and Kaplan–Meier plotting
were performed using GEPIA2 with the following settings: significance level 0.05; p-value
adjustment by FDR; group cut-off-median. Principal component analysis (PCA) of data
matrix with FC values for 17 genes, encoding cholesterol synthesis enzymes, and 30 differ-
ent cancers was performed using ClustVis resource [19] (https://biit.cs.ut.ee/clustvis/,
accessed on 26 April 2021). The assessment of mutational variability (somatic muta-
tion frequency) of genes was performed using TCGA PanCancer Atlas Studies dataset
(10953 patients/10967 samples) at the cBioPortal (https://www.cbioportal.org/, accessed
on 2 May 2021).

2.2. Interactomics Data Acquisition and Processing

All possible spectrum of experimentally established (physical interactions) protein
partners for each of 17 cholesterol synthesis enzymes (target enzymes) was retrieved with a
set of interactome browsers [20–32] (Table 1). Common protein partners for target enzymes
were obtained using the Venn diagram tool (http://bioinformatics.psb.ugent.be/webtools/
Venn/, accessed on 26 March 2021).

Table 1. Interactome browsers for retrieving protein–protein interactions data.

No. Name and Ref. Site Notes

1 Funcoup 5.0 [20] http://FunCoup.sbc.su.se (accessed on 15 March 2021)
Evidence type—protein interactions,

LLR Score > 2, confidence > 0.9,
network: “PPI”, “Complex”

2 Mentha [21] https://mentha.uniroma2.it/ (accessed on 15 March 2021) Evidence type: physical interactions

3 CORUM [22] http://mips.helmholtz-muenchen.de/corum/ (accessed on 15 March 2021) -

4 ExoCarta [23] http://www.exocarta.org/ (accessed on 15 March 2021) -

5 APID [24] http://apid.dep.usal.es (accessed on 15 March 2021) Methods (binary, indirect),
≥1 publication

http://gepia2.cancer-pku.cn/
https://biit.cs.ut.ee/clustvis/
https://www.cbioportal.org/
http://bioinformatics.psb.ugent.be/webtools/Venn/
http://bioinformatics.psb.ugent.be/webtools/Venn/
http://FunCoup.sbc.su.se
https://mentha.uniroma2.it/
http://mips.helmholtz-muenchen.de/corum/
http://www.exocarta.org/
http://apid.dep.usal.es
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Table 1. Cont.

No. Name and Ref. Site Notes

6 MINT [25] https://mint.bio.uniroma2.it/ (accessed on 16 March 2021) Interaction type: association,
physical association

7 SIGNOR 2.0 [26] https://signor.uniroma2.it/ (accessed on 16 March 2021) -

8 HuRI [27] http://www.interactome-atlas.org/ (accessed on 16 March 2021) -

9 IID [28] http://iid.ophid.utoronto.ca (accessed on 16 March 2021) Interaction type: experimental

10 Bioplex Explorer
3.0 [29] https://bioplex.hms.harvard.edu/explorer/ (accessed on 16 March 2021) Interaction probability > 0.9

11 Wiki-Pi [30] https://hagrid.dbmi.pitt.edu/wiki-pi/ (accessed on 16 March 2021) -

12 HIPPIE 2.0 [31] http://cbdm-01.zdv.uni-mainz.de/~mschaefer/hippie/ (accessed on 16
March 2021) Score > 0.6

13 HINT [32] http://hint.yulab.org/ (accessed on 16 March 2021) Binary interaction

2.3. Annotation and Enrichment Analysis

Functional annotation of the final list of target enzyme protein partners with Gene Ontol-
ogy, KEGG, REACTOME, Panther (FDR ≤ 0.05) and Wiki Pathways terms (p-value ≤ 0.05)
was performed with over-representation analysis (ORA) on the Web Gestalt server (WEB-
based Gene SeT AnaLysis Toolkit) [33]. Annotation of proteins by subcellular localization
was performed using NextProt database (https://www.nextprot.org/, accessed on 29
March 2021). Gene annotation by “common essential genes” category was done using
CRISPR-Cas9 whole-genome drop out screens to identify dependencies in cancer cells [34]
on the website Cancer Dependency Map (https://score.depmap.sanger.ac.uk/, accessed
on 2 April 2021) and DepMap portal (https://depmap.org/, accessed on 2 April 2021).
Pubmed (https://pubmed.ncbi.nlm.nih.gov/, accessed on 10 June 2021) and Litsense [35]
(https://www.ncbi.nlm.nih.gov/research/litsense, accessed on 10 June 2021) resources
were used to search for available literature data. Annotation of cancer driver genes was car-
ried out using Cancer Gene Census portal (https://cancer.sanger.ac.uk/census, accessed
on 5 April)).

Prediction of post-translational modification (PTM) sites of cholesterol synthesis
enzymes was performed using the web-server PhosphoSitePlus (https://www.phosphosite.
org/, accessed on 4 May 2021) containing experimental results of mass-spectrometry PTMs
mapping.

3. Results
3.1. The Main Characteristics of Cholesterol Synthesis Enzymes

Seventeen enzymes (target enzymes), functioning in a single metabolic cascade of
multi-step transformations of cholesterol precursors (Figure 1), were selected from a path-
way module M00100 KEGG (https://www.genome.jp/kegg-bin/show_pathway?map001
00, accessed on 3 March 2021) and Hallmark Cholesterol Homeostasis (ID M5892, 74 genes,
Molecular Signature Database (http://www.gsea-msigdb.org/, accessed on 6 March 2021)).
The main characteristics of the cholesterol synthesis enzymes are also shown in Table S1
(Supplementary File #1).

Approximately 70% of cholesterol synthesis enzymes represent membrane proteins
containing one or several transmembrane domains localized, mostly, in the endoplasmic
reticulum membrane (ERM), Golgi apparatus membrane, cytoplasmic vesicles, plasma
membrane and nucleus inner membrane (Table S1, Supplementary File #1). The remain-
ing 30% of enzymes (MVK, PMVK, MVD, FDPS and LSS) are localized in the cytosol,
peroxisomes and lipid droplets. Different subcellular localizations of enzymes may also
suggest the additional functions besides transformation of cholesterol precursors. Multiple
functions for this group of enzymes are poorly studied, possibly due to insufficient data
on the functional significance of mapped PPIs. For example, the MoonProt database [36]
(http://www.moonlightingproteins.org) does not contain information about multiple

https://mint.bio.uniroma2.it/
https://signor.uniroma2.it/
http://www.interactome-atlas.org/
http://iid.ophid.utoronto.ca
https://bioplex.hms.harvard.edu/explorer/
https://hagrid.dbmi.pitt.edu/wiki-pi/
http://cbdm-01.zdv.uni-mainz.de/~mschaefer/hippie/
http://hint.yulab.org/
https://www.nextprot.org/
https://score.depmap.sanger.ac.uk/
https://depmap.org/
https://pubmed.ncbi.nlm.nih.gov/
https://www.ncbi.nlm.nih.gov/research/litsense
https://cancer.sanger.ac.uk/census
https://www.phosphosite.org/
https://www.phosphosite.org/
https://www.genome.jp/kegg-bin/show_pathway?map00100
https://www.genome.jp/kegg-bin/show_pathway?map00100
http://www.gsea-msigdb.org/
http://www.moonlightingproteins.org


Biomedicines 2021, 9, 895 4 of 28

functions of the target enzymes, except the mevalonate kinase (MVK). It is known that
lanosterol synthase (LSS) can regulate protein aggregation by effectively reducing the
number and/or size of sequestosomes/aggresomes formed by endogenous proteins in
the normal and cancer cells [37]. In addition, farnesyl pyrophosphate synthase (FDPS)
obtains an additional function in fibroblast growth factor (FGF) signaling pathway through
binding to the FGF-receptors [38]. It is interesting to note that delta(24)-sterol reductase
(DHCR24) can protect neuronal cells from ER stress-induced apoptosis by attenuating ER
stress signaling, possibly through scavenging intracellular reactive oxygen species and
elevating cholesterol levels [39].
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Figure 1. A logical scheme of enzymes and metabolites involved in the cholesterol synthesis
pathway. The following metabolites are indicated by numbers: (1)—hydroxymethylglutaryl-
CoA; (2)—(R)-mevalonate; (3)—(R)-5-phosphomevalonate; (4)—(R)-5-diphosphomevalonate; (5)—
isopentenyl diphosphate; (6)—(2E,6E)-farnesyl diphosphate; (7)—presqualene diphosphate; (8)—
squalene; (9)—(S)-squalene-2,3-epoxide; (10)—lanosterol; (11)—4,4-dimethyl-5-alpha-cholesta-
8,14,24-trien-3-beta-ol (FF-MAS); (12)—14-demethyllanosterol (T-MAS); (13)—4-alpha-methyl
zymosterol-4-carboxylate; (14)—3-keto-4-methylzymosterol; (15)—4-alpha-methyl zymosterol; (16)—
4-alpha-carboxy-5-alpha-cholesta-8,24-dien-3-beta-ol; (17)—zymosterone; (18)—zymosterol; (19)—
zymostenol; (20)—lathosterol; (21)—7-dehydrocholesterol; (22)—cholesterol; (23)—5-alpha-cholesta-
7,24-dien-3-beta-ol; (24)—7-dehydrodesmosterol; (25)—desmosterol.

The oligomeric state of target enzymes is an important interactomic factor. It was
shown that a dimeric form is characteristic for cholestenol delta-isomerase (EBP) [40], sterol
14-alpha-demethylase (CYP51A1) [41] and MVK [42]. Squalene epoxidase (SQLE) exists in
a monomeric form [43], while 3-hydroxy-3-methylglutaryl-CoA reductase (HMGCR) forms
tight tetramers that implies the influence of the enzyme’s oligomeric state on the activity
and mechanisms for allosteric modulation by ligands [44]. Since half of these data concerns
non-human orthologues, the concept of the oligomeric state of most human cholesterol
synthesis enzymes is not yet completely studied.

Many cholesterol synthesis enzymes for catalytic reactions require coenzymes NADH
and NADPH, which intracellular levels can be correlated with tumor progression under con-
dition of metabolism reprogramming in cancers [45]. At present, no coenzyme-dependent
oxidoreductases, which can bind with target enzymes, have been identified [46], except
for CYP51A1 belonging to the multigene cytochrome P450 family. It strongly requires
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electron transfer from its direct redox partner NADPH-dependent cytochrome P450 ox-
idoreductase (POR) for catalysis [47]. It is interesting to note that SQLE contributes to
cancers via its metabolites. An increase in SQLE expression promotes the cholesteryl ester
production to induce hepatocellular carcinoma cell growth. Moreover, SQLE can raise the
NADP+/NADPH ratio what triggers DNA methyltransferase 3A (DNMT3A) expression,
DNMT3A-mediated epigenetic silencing of phosphatase tensin homolog (PTEN) and ac-
tivation of pro-oncogenic mammalian target of rapamycin pathway [48]. Thus, levels of
intracellular coenzymes and their ratio can be important factors in proper functioning of
enzymes in the cholesterol pathway.

Then, we searched for literature data on involvement of 17 target enzymes in carcino-
genesis and important findings are shown in Table 2.

Table 2. Associations between cholesterol synthesis enzymes and carcinogenesis.

Enzyme Thesis Ref.

HMGCR Genetically proxied inhibition of HMGCR is significantly associated with lower
odds of epithelial ovarian cancer ([odds ratio 0.60 [95% CI, 0.43–0.83]). [49]

Inhibition of HMGCR by fluvastatin disrupts the non-small cell lung cancer
(NSCLC) tumorigenesis. Knockdown of HMGCR in NSCLC cells induces

apoptosis in vitro and in vivo models.
[50]

Statin drugs, inhibiting HMGCR, increase the efficacy of some genotoxic
anti-cancer drugs. [51–54]

HMGCR is expressed on carcinoma cells but not on normal epithelial cells in
thymic tissue. Inhibition of HMGCR by fluvastatin suppresses cell proliferation

and induces the carcinoma cell death.
[55]

PMVK

PMVK can be considered as a novel prognostic biomarker for high-grade serous
ovarian carcinoma (HGSOC). High expression of PMVK is significantly improves

the survival of patients with HGSOC (adjusted hazard ratio, 0.430; [95% CI,
0.228–0.809]).

[56]

PMVK expression is positively correlated with drug response in estrogen receptor
(ER) positive cells and negatively correlated in ER negative cells [57]

FDPS Increased FDPS expression is an independent risk factor of prostate cancer (PC) for
early biochemical recurrence. [58]

FDPS inhibitors, the carnosic acid derivatives, induces apoptosis in pancreatic
cancer cell lines. [59]

Inhibition of the FDPS in the mevalonate pathway mediates the cytotoxic effects of
a platinum (II) complex with zoledronic acid against human gastric cancer cell line

SGC7901.
[60]

FDPS expression significantly correlates with TNM stage and metastasis in
non-small cell lung cancer (NSCLC). Inhibition or knockdown of FDPS disrupts
the TGF-β1-induced cell invasion and epithelial-mesenchymal transition (EMT).

[61]

FDPS inhibitors improve survival of multiple myeloma (MM) patients and results
in down-regulation of ERK phosphorylation in human MM cell lines. [62]

FDFT1
FDFT1 is highly expressed in liver, lung, prostate, breast, ovary, small intestine,

bladder, cervix, thyroid, and esophageal cancers. FDFT1 regulates cell cycle
progression and is directly or indirectly associated with apoptotic signals.

[63]

High expression of FDFT1 is associated with poor prognosis and promotes
metastasis of lung cancer. Loss of function of FDFT1 or its knockdown significantly

inhibits invasion/migration and metastasis in cell and animal models.
[64]

FDFT1 acts as a critical tumor suppressor in colorectal cancer (CRC).
Down-regulation of FDFT1 is correlated with CRC malignant progression and

poor prognosis.
[65]

The knockdown of expression or activity inhibition of FDFT1 leads to a significant
decrease in prostate cancer cell proliferation. [66]
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Table 2. Cont.

Enzyme Thesis Ref.

SQLE

Overexpression of SQLE promotes lung squamous-cell carcinoma (SCC)
proliferation, migration and invasion, whereas knockdown of SQLE expression

shows the opposite effect. High expression of SQLE corresponds with poor
prognosis in lung SCC.

[67]

The expression of SQLE is upregulated in the hepatocellular carcinoma (HCC)
tissues and its overexpression promotes cell proliferation and migration.

Downregulation of SQLE inhibits the tumorigenicity of HCC cells in vitro and
in vivo.

[68]

SQLE overexpression is more prevalent in aggressive breast cancer (BC) and is an
independent prognostic factor of unfavorable outcome. [69]

SQLE epoxidase serves as a novel prognostic biomarker for patients with HCC.
Overexpression of SQLE in non-alcoholic fatty liver disease HCC tumors is

significantly associated with worse overall survival and disease-free survival.
[48,70]

SQLE reduction helps colorectal cancer cells to overcome constraints by inducing
the EMT required for generation cancer stem cells. SQLE depletion disrupts the

GSK3B/p53 complex, resulting in a metastatic phenotype.
[71]

SQLE promotes nasopharyngeal carcinoma (NPC) proliferation by cholesteryl
ester accumulation instead of cholesterol. [72]

LSS Lanosterol synthase is a molecular target for menin inhibitor leading to the loss of
cholesterol homeostasis and cell death in glioma. [73]

LSS activity increases in the daunorubicin-resistant leukemia cell line (CEM/R2). [74]

CYP51A1
CYP51A1 is significantly upregulated in the drug-tolerant (DT) human lung cancer
cell lines. The CYP51A1 inhibitor, ketoconazole, shows the synergy in apoptosis

induction with tyrosine kinase inhibitors of epidermal growth factor receptor.
[75]

CYP51 is present at a significantly higher level in primary colorectal cancer,
compared with normal colon. The strong CYP51 immunoreactivity is associated

with poor prognosis.
[76]

The VFV, a potent non-azole inhibitor of human CYP51A1, decreases the
proliferation rates of lung cancer, hormone-responsive and -nonresponsive breast

and skin cancer cells in a concentration-dependent manner.
[77]

TM7SF2
TM7SF2 knockout (KO) mice show no alteration in cholesterol content. However,
delayed cell cycle progression to the G1/S phase was shown in TM7SF2 KO mice,

resulting in reduced cell division.
[78]

Loss of TM7SF2 increases incidence and multiplicity of skin papillomas. The null
genotype shows reduced expression of nur77, a gene associated with resistance to

neoplastic transformation.
[79]

NSDHL

NSDHL knockdown affects the cell cycle, survival, proliferation, and migration of
breast cancer cells, resulting in suppression of breast tumor progression and

metastasis. High NSDHL expression is a potential predictor of poor prognosis in
breast cancer patients.

[80]

Inhibition NSDHL can be an effective strategy against carcinomas with activated
EGFR-KRAS signaling. [81]

The inactivation of NSDHL or its partner SC4MOL sensitizes tumor cells to EGFR
inhibitors. [82]

NSDHL is significantly overexpressed in gastric cancer tissues that correlates with
local tumor invasion, histological grade and TNM II-IV staging. [83]

The NSDHL up-regulated in the metastasizing mammalian mouse cell line 4T1
compared to the non-metastasizing 67NR. [84]

DHCR24
DHCR24 knockdown reduces whereas DHCR24 overexpression enhances breast
cancer stem-like cell populations, mammosphere and aldehyde dehydrogenase

positive cell.
[85]

High expression of DHCR24 in human HCC specimens correlates with poor
clinical outcome. Interfering DHCR24 alters growth and migration of HCC cells. [86]

DHCR24 is up-regulated in bladder cancer (BC) cells compared with that in
normal tissues. DHCR24 might promote the proliferation of BC cells through

several cancer-associated processes.
[87]
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Table 2. Cont.

Enzyme Thesis Ref.

EBP The EBP inhibitors show the good potency and efficacy in inhibiting proliferation
of human prostate cancer PC-3 cell line. [88]

mRNA and protein accumulation are observed in anaplastic lymphoma kinase
(ALK+) tumors. [89]

Inhibition of the EBP leads to cancer cell death via depletion of downstream
sterols. [90]

SC5D Decreased SC5D activity in cancer might increase prenylation of RAS, RAC or
RHOC thereby promoting cancer progression. [91]

Thus, the associations between functioning, at least, three quarters of the cholesterol
synthesis enzymes and solid cancers progression were found [48–91]. Not only overexpres-
sion and post-translational activation of enzymes correlated with pathogenic abnormalities,
but also a decrease in catalytic function due to down-regulation of expression or phar-
macological inhibition (SC5D, NSDHL and EBP). Another important implication is that
several target enzymes have differentiated contributions to cancers depending on the
tissue specificity.

3.2. Transcriptomic Landscape of Genes, Encoding Cholesterol Synthesis Enzymes

The panoramic transcriptome profile of 17 target genes is shown in Figure S1
(Supplementary File #1). It can be conditionally distinguished two groups of tumors. The
first group includes COAD, DLBC, PAAD, READ and THYM tumors, while the second
one includes SKCM, LAML, CHOL and TGCT tumors with a preferential up-regulation
or down-regulation of DEGs, respectively. Principal component analysis (PCA) showed
that, in fact, only the CYP51A1 and NSDHL genes had the closest expression profiles in
almost all tumors (Figure S2, Supplementary File #1). A clusterogram, visualizing PCA
output, revealed, at least, four large tumor clusters with similar profiles of DEGs (Figure 2):
(1)—KIRC and KIRP; (2)—ACC, GBM, SKCM, HNSC, ESCA, etc.; (3)—BRCA, PAAD,
BLCA, COAD, READ, etc.; (4)—LAML, DLBC, THYM, LIHC, LGG, LUAD, KIRC and
LUSC. It is worth mentioning that alterations of expression profiles of target genes are
often due to binding of cancer-activated master regulators in their promoter regions. It can
be demonstrated, for example, by the network R-HSA-2426168 from Reactome database
(https://reactome.org/, accessed on 20 April 2021)). Master regulators such as SREBF1,
SREBF2, SP1 and NF-Y have broad promoter binding specificity and are subjected to
modulation through several oncogenic signaling pathways [92–96], but this “transcription
regulation issue” is out of scope of the present work.

Five genes from these maps meet the strictest selection criteria: p < 0.001, hazard
ratio (HR) ≤ 0.5 or HR ≥ 2 as well as a number of cases ≥ 200. The maps of overall
sur-vival (OS) and disease-free survival (RFS) for 17 target genes are shown in Figure S3a,b,
respectively (Supplementary File #1). For all of them (OS: CYP51A1 in KIRC, FDFT1 in
KIRC, HMGCR in KIRC, SC5D in KIRC, TM7SF2 in LGG; RFS: FDFT1 in KIRC, SC5D
in PRAD) the Kaplan–Meier plots are shown in Supplementary File #4, Figure S9. It
should be noted that multigenic signatures have a higher priority in prognostic value
than single transcriptome markers [97]. First of all, survival analysis of a panel of 17
target genes versus each TCGA tumor was performed (Table S3, Supplementary File
#4). It is shown that the selection criteria were met in the case of KIRC only. More
negative prognosis for survival was associated with lower profile of cholesterol biosynthesis
genes expression (Figure S10, Supplementary File #4). It should be noted, that the severe
cholesterol metabolism disrupting was observed in the KIRC cells [98–100]. We also carried
out the survival analysis for each target enzyme versus all tumors (pan-cancer prognostic
significance). Results obtained are presented in Table S4 (Supplementary File #4), but no
hits were found. Finally, the gene signature 1 (HMGCR, DHCR7, SC5D, NSDHL, CYP51A1
and FDFT1) (Figure S4a, Supplementary File #1) and the gene signature 2 (SC5D, TM7SF2
and MVD) (Figure S4b, Supplementary File #1) were found to have prognostic value for

https://reactome.org/
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KIRC and LGG tumors, respectively. Thus, high expression of these genes can be associated
with the decrease of mortality by 2.5 times (HR value = 0.4).
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3.3. Interactomics Landscape of Cholesterol Synthesis Enzymes

In total, 2239 experimentally determined protein partners for 17 target enzymes
were found by means of interactome browsers (Table 1). Search statistics are shown in
Supplementary File #2. Found protein partners were then selected in two consecutive
rounds: by the coincidence of protein partners found by, at least, three different interactome
browsers and by the similar profiles of subcellular localization of a target enzyme and
its interaction partners (Figure 3). In addition, protein names and Uniprot IDs for each
protein partner are listed in Supplementary File #3. List A, containing 165 unique protein
partners for all target enzymes, was used for functional annotation. List B, containing in
total 186 proteins (165 unique and 21 common protein partners), was then used to visualize
the PPI network or, if it may say so, cluster interactome of cholesterol synthesis enzymes
(Figure 4).
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Somatic mutation frequency of genes, encoding cholesterol synthesis enzymes, ranged
from 0.4–0.7% and they were not annotated as cancer driver genes. Annotation of genes,
encoding 165 unique protein partners of enzymes, showed that following ones were
found as cancer drivers with corresponding somatic mutation frequency values: PRKACA
(0.7%); EWSR1 (1.2%); NDRG1 (0.8%); FGFR1 (1.4%); IDH1 (5.1%); PABPC1 (0.9%); LMNA
(0.8%); MYH9 (3.2%); SUZ12 (1.0%); TP53 (35.3%); HRAS (1.2%); IKBKB (1.4%); CYLD
(1.3%); ERBB2 (2.9%). Cancer-dependent PPIs can consist of a protein encoded by a driver
gene [101]. It was showed that a vast proportion of mutations in driver genes occurred in
the binding interfaces of two proteins, which means that “non-canonical” protein complexes
can emerge in tumor tissue, and vice versa, formation of canonical biologically significant
complexes in normal tissue can be suppressed during neoplastic transformation. Due to
some of the found protein partners, encoded by cancer driver genes, it was hypothesized
for protein complexes with their participation to be directly regulated by carcinogenesis.

Functional annotation of found protein partners with Gene Ontology (GO) terms is
shown in Figure S5, Supplementary File #1. Over-representation analysis (ORA) revealed
molecular functions enrichment (“transferase activity”, “chaperone binding”, “protease
binding”, “ubiquitin-like protein binding”, “ubiquitinyl hydrolase activity”) (Figure S6,
Supplementary File #1) and biological processes enrichment (“endoplasmic reticulum to
cytosol transport”, “nucleobase-containing small molecule interconversion”, “protein exit
from endoplasmic reticulum”, “ER-nucleus signaling pathway”, “response to topologically
incorrect protein”, “response to endoplasmic reticulum stress”) (Figure S7, Supplementary
File #1). ORA of protein partners in KEGG, REACTOME, Panther and WikiPathways
databases showed their involvement in nucleotides biosynthesis and metabolism, amino
acids pathways, synaptic signal transmission, protein processing in endoplasmic reticulum
(ER), ER quality control (ERQC) and cancer-related pathways (apoptotic pathway, MAPK
family signaling cascades, metabolic reprogramming and central carbon metabolism in can-
cer, Ras signaling, RAC1/PAK1/p38/MMP2 pathway and three cancer-specific pathways
in prostate, endometrial and bladder cancers) (Table S2, Supplementary File #1). Thus,
overall pool of protein partners, forming PPIs with cholesterol synthesis enzymes, can be
divided into two big groups involved in protein processing and cell signaling.

Taking into account the over-representation of protein partners in cancer-related
pathways, we tried to find the associations of each binary PPI with the cancer-specific
context. A way to hypothesize such associations is to correlate of expression profiles
of two genes encoded protein products, forming a PPI (gene co-expression analysis).
A positive or a negative correlation in different tumor tissues indirectly point to such
associations. Co-expression analysis was performed only for those tumor tissues, in which
DEGs (tumor/normal fold change ≥ 3), encoding the cholesterol synthesis enzymes, were
observed (Figure S1, Supplementary File #1). A Pearson correlation coefficient (R) equal
to 0.4 was used as a cut-off level. An average (|0.4 < R < 0.6|) and strong correlation
(|0.6 < R < 0.7|) of gene co-expression were found in five different tumor tissues for 42 and
7 binary PPIs, respectively (Table 3). R-values were mostly positive, however, a negative
correlation was observed for PPIs with participation of EBP in thymoma tissues (339 and
118 normal and tumor cases, respectively) (Table 3). The Human Proteome Atlas database
(https://www.proteinatlas.org) was then used for comparison of tissue-specific expression
profiles for each binary PPI with co-expressed genes. Concordance of the gene and protein
expression profiles can be seen only for HMGCR–VCP, DHCR24–CKAP5 and DHCR7–
FADS1 protein interactions in rectum adenocarcinoma datasets (318 and 92 normal and
tumor cases, respectively) as well as for DHCR7–FADS1 in pancreatic adenocarcinoma
(171 and 179 normal and tumor cases, respectively). However, it turned out that protein
expression data for several cholesterol synthesis enzymes and their protein partners were
absent in tumor tissues.

https://www.proteinatlas.org
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Table 3. Gene co-expression analysis of protein–protein interactions.

Tumors Protein–Protein Interactions

DLBC

MVK **—GSS (L—L) ***, MVK—ENO1 (L—M), MVD—EIF4EBP1 (L—M),
SQLE—FAF2 (M—L), SQLE—TMCO3 (M—n/d), LSS—MYO5C (M—n/d),

CYP51A1—ETS1 (n/d—H), MSMO1—C3AR1 (n/d—n/d), MSMO1—ELAVL1
(n/d—M, MSMO1—P2RX5 (n/d—M), EBP—VKORC1 (n/d—n/d),

EBP—ENO1 (n/d—M)
PAAD MSMO1—GPR35(n/d—n/d), EBP—MOV10 (L—n/d), DHCR7—FADS1 (H—M)

PRAD DHCR24—ERAP1(n/d—M), DHCR24—CKAP5 (n/d—M), DHCR24—PTPN1
(n/d—n/d), DHCR24—REEP5 (n/d—M), DHCR24—UBL4A (n/d—M)

READ HMGCR—VCP (M—M), DHCR24—CKAP5 (M—M), HMGCR—INSIG1
(M—n/d), DHCR7—FADS1 (H—M)

THYM

MVK—TACC3, FDPS—ATXN1, FDPS—PSME4, FDPS—TALDO1,
FDPS—SEC31A, SQLE—MARCH6, SQLE—CHRND, LSS—ALOX5, LSS—MYH9,
CYP51A1—SPINT2, MSMO1—ATXN1, MSMO1—ELAVL1, HSD17B7—GORAB,

SC5D—IPPK, EBP—HSP90B1 (neg *), EBP—ABCE1 (neg), EBP—KSR1 (neg),
EBP—TCTN2 (neg), EBP—BSCL2 (neg), EBP—MFSD8 (neg), FDPS—NME1,

SQLE—FAF2, SQLE—TMCO3, MSMO1—EIF3A, EBP—NCSTN (neg)
Abbreviations: DLBC—lymphoid neoplasm diffuse large B-cell lymphoma; PAAD—pancreatic adenocarcinoma;
PRAD—prostate adenocarcinoma; READ—rectum adenocarcinoma; THYM—thymoma. * Negative correlation.
** Cholesterol synthesis enzymes are underlined. *** Prevalent protein expression (according to Human Proteome
Atlas): H—high; M—medium; L—low; n/d—no data.

3.4. Post-Translational Modifications (PTM)

Further, we analyzed the known PTM spectrum of cholesterol synthesis enzymes as
well as the spectrum of modifying proteins among found protein partners. The amino acid
sequences of the target enzymes contain a large number of phosphorylation and ubiquityla-
tion sites (Figure S8, Supplementary File #1). Forty-seven (25%) protein partners which can
potentially function as modifying proteins were summarized in Table S3 (Supplementary
File #1). It should be noted that 15 proteins (AMPK, PP2A, CTSL, RNF145, gp78, USP20,
MEK5, GSK3β, MARCH6, IDOL, PKC, AMFR, Itch, PRKACA, SYVN1) were described as
modifying proteins [71,102–119] (Table S3). Results of annotation of all modifying proteins
with cancer hallmarks and cancer pathways terms are shown in Figure 5.

Figure 5A shows that ubiquitin-protein ligases and protein kinases were the main
functional classes of modifying protein partners which was in agreement with the known
PTMs sites on the cholesterol synthesis enzymes (Figure S8, Supplementary File #1). The
diagrams in Figure 5B,C and the data in Table S3 demonstrated that protein kinases (AMPK,
PRKACA, MEK5/ERK5, GSK3B, PKC and ILK), protein phosphatases (PP2A, PPP1CB,
DUSP6 and PTPN5) and proteases (CTSL, CASP7 and CAPN1) are highly enriched in
terms of cancer hallmark and cancer pathways terms.
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4. Discussion
4.1. Mapping of Protein–Protein Interaction

PPIs represent four major types: (1)—two proteins form a direct complex through
physical contacts; (2)—proteins interact with the same protein, without forming a direct
complex with each other (indirect complex formation); (3)—both proteins are combined
in a single metabolic cascade, but do not form either a direct or indirect complex; (4)—a
functionally significant multi-protein complex, with each component interacting physi-
cally with one or more adjacent components [120,121]. Studies of sub-interactome of an
individual protein are aimed at mapping of a repertoire of PPIs for elucidating regulatory
and signaling pathways as well as annotating other unknown functions of a protein by
known functions of its protein partners. Previously, we have studied sub-interactomes of
clinically significant enzymes thromboxane and prostacyclin synthases, which are associ-
ated with several human pathologies, including cancer. It was found that two enzymes
with 20% amino acid sequence identity had both common and tissue-specific protein
partners [122–124]. In general, the identification of PPIs of a target protein by affinity
chromatography and mass spectrometry showed that the number of its potential protein
partners can reach several dozen [122,125–127], and the complete experimental validation
of all combinations of binary PPIs is an overly complex methodological problem.

Studies of sub-interactomes and the construction of global PPIs networks allow to
form comprehensive understanding of complexity of cellular processes and determine
a variety of interactomic profiles which can discriminate molecular events occurring in
normal and disease states [128–130]. Since cancer is one the most widespread disease in the
human population, many scientific reports focus on identifying not only DEGs or proteins
(DEPs), but also on establishing cancer-specific differential protein–protein interactions
(dPPIs) [131]. Thus, one can reasonably suggest that endogenous and exogenous factors
provoking carcinogenesis could alter the PPIs repertoire.

4.2. Protein–Protein Interactions of Cholesterol Synthesis Enzymes in the Cancer Context
4.2.1. SQLE

Cancer-associated small integral membrane open reading frame 1 protein (CASIMO1)
is overexpressed in breast tumors and interacts with SQLE. It is interesting that overexpres-
sion of CASIMO1 leads to SQLE protein accumulation, while knockdown of CASIMO1
decreased SQLE protein [132].
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The SQLE, like HMGCR, is believed to be a proto-oncogene and marker of aggressive
colorectal cancer (CRC) while interacting with GSK3B and p53. It was shown that SQLE
reduction caused by cholesterol accumulation aggravates CRC progression via the acti-
vation of the β-catenin oncogenic pathway and deactivation of the p53 tumor suppressor
pathway [71].

4.2.2. CYP51A1

PGRMC1 (progesterone receptor membrane component 1) is required for modula-
tion of microsomal P450 cytochromes in yeast and humans by binding with CYP51A1
and positively regulates it. Loss of PGRMC1 function reduces CYP51A1 activity and
increase production of toxic sterol intermediates [133]. In addition, PGRMC1 was shown to
interact with FDFT1, SCD1 (SCD5 homologue) and is overexpressed in hormone receptor-
positive breast cancer that correlated with enhanced cancer cell proliferation and lipid raft
formation [134].

4.2.3. TM7SF2

It is known that Beclin 1 is an essential autophagy protein and has been shown to play
a role in tumor suppression [135]. Interactions of Beclin 1 with TM7SF2 [136] may also
have a significance in cancer-dependent autophagy [137].

4.2.4. MVD

MVD enzyme was identified as a binding partner of the mortalin which belongs to
the HSP70 protein family and is involved in cell senescence and immortalization pathways.
There is an indication that MVD/mortalin interaction affects the activity of p21(Ras)
and its downstream modulators of normal and cancer cell proliferation in the Ras-Raf
pathway [138].

4.2.5. DHCR24

Hepatitis C virus induced overexpression of DHCR24 enzyme in human hepatocytes
was resulted in resistance to inhibition of the p53 stress response by stimulating the accumu-
lation of the MDM2—p53 complex in the cytoplasm and inhibition of the p53 acetylation in
the nucleus [139]. It follows that DHCR24 and SQLE enzymes in the cholesterol synthesis
pathway can act not only as the targets for modifying enzymes but also as a molecular
switches, triggering the alternative p53-dependent cancer cascades.

Thus, at least for five enzymes SQLE, FDFT1, MVD, CYP51A1 and TM7SF2, the
significance of PPIs with their participation in the cancer context was shown, so the
revealing of other cancer-specific PPIs through gene co-expression analysis, functional and
clinical annotation of common protein partners for target enzymes can help to expand
current understanding of cancer interactomics.

4.3. Common Protein Partners of Cholesterol Synthesis Enzymes

From Figure 4, it follows that there were several common proteins HSCB, CREB3,
MOV10 and VKORC1, which interacted with three or more target enzymes in the choles-
terol synthesis pathway. In fact, common proteins are of certain importance because they
act as “connectors” in the PPI network and could link different enzymes’ sub-interactomes.
Twice as many protein partners (ABCE1, UBL4A, PNKD, SYVN1, FAF2, SRPRB, PNKD,
REEP5 and KSR1) were found to interact with only two different enzymes (Figure 4).
Further, we discussed below the possible associations between PPIs with participation of
common protein partners and cancer-related events.

4.3.1. Molecular Chaperones

The accumulation of misfolded proteins can promote pathological processes due to
dysfunction of molecular chaperones. Heat shock cognate B (HSCB) is a co-chaperone; it
inserts Fe-S cluster into a number of proteins but does not have intrinsic chaperone activity
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and lacks a domain necessary for interaction with misfolded proteins [140]. CYP51A1,
NSDHL, PMVK, MSMO1 and EBP enzymes do not have Fe-S clusters but interact with
HSCB, so, it could be implied that HSCB may function as a scaffold to facilitate the
positioning of protein substrates on HSCA which possesses chaperone activity [141].

ATP-binding cassette transporter (ABCE1), being a chaperone, associates with chemother-
apy resistance in glioma via PI3K/Akt/NF-κB pathway [142,143] form PPIs with EBP and
FDPS enzymes.

4.3.2. Ubiquitin-Protein Ligases

HRD1 complex (ID 6859, Corum database, https://mips.helmholtz-muenchen.de/
corum/) mediates ubiquitin-dependent degradation of misfolded proteins. It consists of
13 proteins, including AUP1, ERLIN2, FAF2, HSP90B1 and SYVN1, which form PPIs with
several cholesterol synthesis enzymes (Figure 4). E3 ubiquitin-protein ligase synoviolin
(SYVN1), interacting with HMGCR and FDFT1, establishes the crosstalk between endo-
plasmic reticulum associated degradation (ERAD) and p53-mediated apoptosis under ER
stress in proliferative diseases [144,145].

Fas associated factor family member 2 (FAF2) interacts with HMGCR and SQLE
(Figure 4). FAF2 is considered to be a potential therapeutic target due to its regulatory
effect on the oncogenic Ras signaling via disrupting the stability of GTPase-activating
protein neurofibromin [146] and an essential determinant of metabolically stimulated
degradation of HMGCR [147]. It is assumed that, by analogy with HMGCR, a similar way
of post-translational regulation of protein stability can take place for SQLE.

4.3.3. Metabolic Enzymes

Alpha-enolase (ENO1) is a well-studied multifunctional enzyme with a large PPI
network consisting of 441 interactors (BioGRID database, https://thebiogrid.org/108338).
A pool of recent findings has confirmed a strong relationship between ENO1 overexpression
and cancer development [148,149]. ENO1 forms PPIs with EBP and MVK enzymes, with
the latter showing a positive correlation of gene expression profiles with ENO1 (Table 3).
PPIs with participation of ENO1 could be regarded as an important element in the initiation
of cancer-related events.

Vitamin K 2,3-epoxide reductase subunit 1 (VKORC1) is, presumably, capable to
PPIs with disulfide isomerase (PDI) [150] and regulated by pro-oncogenic mTOR sig-
naling [151]. Interesting, that VKORC1–EBP and VKORC1–HSD17B7 interactions were
described in [152], but associations with cancers are still unrevealed.

4.3.4. Signaling Proteins

Signal recognition particle receptor (SRPRB) plays a role in cell proliferation and
apoptosis, probably, via NF-κB pathway [153]. SRPRB belongs to the Ras family of small
GTPases and can take part in translocation of proteins in the ER membrane [154]. Due to
the lack of evidences on exact SRPRB function, the biological meaning of HMGCR–SRPRB
or FDFT1–SRPRB interactions remains unclear.

Paroxysmal non-kinesiogenic dyskinesia protein (PNKD) causes disordered cell dif-
ferentiation, initiates malignant transformation and accelerates metastasis [155,156]. It
forms different heterogeneous protein complexes [155], and, therefore, the interactions of
FDFT1–PNKD and LSS–PNKD can be considered from regulatory point of view.

Receptor expression-enhancing protein 5 (REEP5) interacts with DHCR24 and EBP
(Figure 4). REEP5, as well as REEP6, modulates oncogenic signaling through C-X-C
chemokine receptor type 1 (CXCR1): the depletion of REEP5 and REEP6 significantly
reduced cell growth and invasion via downregulating IL-8 mediated ERK phosphorylation,
actin polymerization and the expression of genes related to metastasis [157]. Co-expression
analysis showed a positive correlation of REEP5 and DHCR24 gene expression profiles in
PRAD and BRCA tumors (Table 3).

https://mips.helmholtz-muenchen.de/corum/
https://mips.helmholtz-muenchen.de/corum/
https://thebiogrid.org/108338
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4.3.5. Transport Proteins

Annotation of SC5D–BSCL2 and EBP–BSCL2 interactions is possible through the
known function of BSCL2 (seipin) in the lipid droplet (LD) biogenesis. BSCL2 supports the
formation of structurally uniform contacts between ER membrane and LDs [158]. Besides,
BSCL2 facilitates the delivery of molecular cargo from ER to LDs in human cells [159]. Thus,
the educated guess could be made about involvement of ER membrane bound proteins
SC5D and EBP into the ER-LD contacts.

4.3.6. Modifying Proteins

The dysregulation of protein tyrosine phosphatases is associated with several human
diseases, including cancers. PTPN1 directly dephosphorylates the terminal kinase c-Jun N-
terminal kinase (JNK) of the MAPK pathway [160]. Negative regulation of the JNK/MAPK
pathway by PTPN1 was found to reduce the tumor necrosis factor α (TNFα)-dependent
cell death response [161]. However, it is unknown if “non-signaling” PTPN1’s protein
substrates exist.

4.4. Regulation of Cholesterol Synthesis Enzymes through Post-Translational Modifications (PTM)
4.4.1. PTMs of HMGCR Are the Most Studied

Ubiquitin-dependent proteolytic degradation of HMGCR occurs under cholesterol-
replete conditions. This provokes insulin-induced gene 1 (INSIG1) to bind to the sterol-
sensing domain of HMGCR and to recruit E3 ligases with subsequent ubiquitination
of HMGCR [162,163]. Ubiquitination of HMGCR contributes to the recognition by the
ATPase VCP/p97 complex that mediates extraction and delivery of HMGCR from ER
membranes to cytosolic 26S proteasomes [164]. Theoretically, in this machinery, a cancer-
driven reduction of INSIG1 expression could dysregulate HMGCR proteolytic degra-
dation under cholesterol-replete conditions and promote excess cholesterol accumula-
tion. Analysis of TCGA datasets shows that, indeed, INSIG1 expression was reduced
in 6 from 19 tumors and was statistically significant only in CHOL and LUAD com-
pared to normal tissues. However, under these conditions, no gene co-expression be-
tween INSIG1 and HMGCR was observed. Additional analysis of CHOL expression
datasets (GSE132305, 182 tumor and 38 normal tissue samples) using NCBI-GEO deposi-
tory (https://www.ncbi.nlm.nih.gov/gds, accessed on 18 July 2021) showed that INSIG1
logFC value was 0.32 (adj.P.Val = 0.026, Bonferroni&Hochberg correction). As for LUAD,
we found logFC value 0.33 (adj.P.Val = 6.15 × 10−5) for INSIG1 expression (GSE63459 con-
sisting of 30 paired adjacent and tumor tissue samples). In another dataset GSE43458, we
compared 30 samples from non-smokers vs 40 tumor samples obtained from non-smokers
and from smokers. It was shown that INSIG1 expression was characterized logFC values
0.31 (adj.P.Val = 0.01) and 0.5 (8.41 × 10−5), respectively. It should still be said that there
was no obvious convergence between TCGA and NCBI-GEO datasets. Nevertheless, it
is interesting that a positive Pearson correlation (R > 0.6) between up-regulated INSIG1
and HMGCR expression in the TCGA-READ dataset (Table 3) may indicate the cancer-type
specific expression of INSIG1.

On the other hand, interaction of HMGCR with UbiA prenyltransferase domain-
containing protein-1 (UBIAD1) and heat shock protein 90 (HSP90) inhibits HMGCR pro-
teolysis. These PPIs can be referred cancer-related molecular events under conditions
of HSP90 and UBIAD1 overexpression which is associated with tumor progression, up-
regulation of the mevalonate pathway and cholesterol accumulation [165,166].

Proteolytic stability of HMGCR may also be negatively regulated by adenosine
monophosphate-activated protein kinase (AMPK) [102], with its activity being closely
correlated with tumor suppression when AMPK modulates mTOR and Akt pathways [104].
De-phosphorylation of HMGCR was mediated by PP2A and PP2C phosphatases resulted
in an increase of HMGCR activity [105]. PP2A was shown to suppress tumors but PP2A
is often down-regulated in tumors and its re-activation can induce apoptosis. However,
factors of PP2A inactivation are still unknown [106].

https://www.ncbi.nlm.nih.gov/gds
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4.4.2. A Model of PTM Regulation of Different Parts of Cholesterol Synthesis Pathway

As demonstrated above, the post-translational regulation (activity and stability)
of HMGCR realized through PPIs and protein modifications (i.e., ubiquitination and
phosphorylation/de-phosphorylation) have been studied most carefully. This cannot be
said about PTM patterns of other enzymes, involved in the cholesterol synthesis pathway.
Assuming the presence of similar PTM patterns for most of enzymes, “mechanics” of
HMGCR regulation should be extrapolated to those enzymes in the metabolic pathway,
which PPI spectrum was only fragmentarily characterized from the point of biological
meaning. That favors, firstly, by the presence of common modifying proteins for different
cholesterol synthesis enzymes (Table S3) and, secondly, by the coincidence of the annotated
functions of protein partners that interact with them. In Figure 6, we visualize the PTM
spectrum and modifying proteins in the various “parts” of the cholesterol pathway: initial
part (HMGCR), middle part (SQLE and CYP51A1) and distant part (DHCR24 and DHCR7).
There are, at least, four common modifying proteins (AMFR, MARCH6, PRKACA and
PTPN5). Each of them can potentially affect several target enzymes from different parts
of the pathway. For example, MARCH6 interacts with SQLE, CYP51A1 and DHCR24
as well as AMFR interacts with HMGCR, DHCR24 and DHCR7. In view of the fact that
MARCH6 and AMFR are poly-specific E3 ubiquitin-protein ligases, it could be suggested
that there are conservative PPIs, participating in the proteolytic stability regulation of the
cholesterol synthesis enzymes. It is interesting to note that E3 ubiquitin-protein ligases
are applied in targeting low molecular weight degradators based on the Proteolysis Tar-
geting Chimera (PROTAC technology) [167]. In brief, one “arm” of an PROTAC inhibitor
specifically interacts with a target protein while the other is covalently linked to the E3
ubiquitin-protein ligase. The recruitment of the latter to a target protein makes it possible
to trigger ubiquitin-dependent proteasome degradation. Thus, one of the strategies for
therapeutic managing the cholesterol pathway can be linked with PROTAC technology
development.
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4.5. A Multiprotein Cholesterol “Metabolon”

Obviously, the question of whether the enzymes, functioning in the cholesterol
synthesis pathway, physically interact with each other to form a multi-protein cluster
(“metabolon”) in human cells, remains not entirely clear. Such spatial clustering of enzymes
would create conditions for more energetically favorable and effective transformation of
cholesterol precursors. In the FunCoup database (https://funcoup5.scilifelab.se/search/),
human protein interactions FDFT1-MSMO1, LSS-HSD17B1, MSMO1-SQLE and MSMO1-
CYP51A1 were predicted on interactions between orthologous yeast proteins Erg11p,
Erg25p, Erg27p, Erg26p and Erg28p. Erg proteins form a protein–protein core anchored in
the membrane that recruits other proteins in the lipid metabolism pathway [168]. Protein
interactions between human DHCR24 and DHCR7 [169], in part, favor in the choles-
terol “metabolone” hypothesis. On the other hand, DHCR7, DHCR24 and EBP enzymes
might not always combine in a functional complex because they potentially play different
roles that go beyond the cholesterol biosynthesis pathway [170]. Thus, an existence of
multiprotein cholesterol “metabolon” in human cells is a subject for future investigations.

4.6. A landscape of Cholesterol Precursors in the Cancer Context

A repertoire of PPIs can be organically replenished with protein–ligand interactions.
Here, ligands mean low molecular weight metabolites, i.e., cholesterol precursors, which
should be expected to bind with different cellular proteins producing down-stream bio-
logical effects. However, this scientific area is quite poorly studied and further, we focus
on the direct or indirect involvement of cholesterol precursors in cancers. We found that
cholesterol precursors can be formally divided into three groups (Table 4) depending on
their impact on carcinogenesis [50,171–192].

Table 4. Cholesterol precursors in their cancer-related effects.

Metabolite References

Group I (metabolites promoting tumors)
Mevalonate [50,171–179]

Mevalonate-5-phosphate [180]
Squalene [181,182]

Group II (metabolites with protective effects)
Lanosterol [183]

4,4 -dimethyl-cholesta-8,14,24-trienol [184]
14-demethyl-lanosterol [184]
7-dehydrocholesterol [185–187]

Group III (metabolites with no significant effects)
(E,E)-farnesyl-pyrophophate [188]

Zymosterol [189,190]
Lathosterol [191,192]

7-dehydrodesmosterol [191,192]
Desmosterol [190–192]

Group I includes metabolites, which can promote carcinogenesis. Squalene does
not accumulate in normal cells. When squalene epoxidase is inactivated, an excess of
squalene altered the cellular lipid profile and protected anaplastic large cell lymphoma
from ferroptotic cell death, providing a growth advantage of tumors under oxidative
stress [181]. A variety of squalene effects was discussed in more detail in the review [182].

Cancer-associated molecular mechanism with positive-feedback loop between mutp53
and the mevalonate pathway exist. Mevalonate-5-phosphate contributed to stabilization of
mutp53 promoting tumor progression by up-regulation of genes, encoding the mevalonate
pathway enzymes. It was reported that pharmacological inhibition of mevalonate kinase
or its knockdown triggers ubiquitin-dependent degradation of mutp53 [180]. Significant
mevalonate accumulation has been found in some tumors [172,173] and this metabolite

https://funcoup5.scilifelab.se/search/
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can affect tumors through modulation of EMT, remodeling of the cytoskeleton, cell motility
and polarity (non-canonical Wnt/planar pathway) [193].

Group II (Table 4) includes metabolites having an onco-protective role in suppressing
tumor growth and proliferation. It was shown that an increase of lanosterol level caused
the suppression of aberrant foci of the colon crypt and consequently reduced their total
amount [183]. The anti-aggregation activity of lanosterol [37] might facilitate the cells to
recycle proteins from aggregates indicating that lanosterol functions in the cancer-related
proteostasis regulation. Meiosis activating sterol (MAS) 4,4-dimethyl-cholesta-8,14,24-
trienol (FF-MAS) is a ligand for liver X receptor alpha (LXRα) which mediated regula-
tion of cholesterol efflux and uptake through the transcriptional regulation of cholesterol
transporters and low-density lipoproteins (LDL) via E3 ubiquitin-protein ligase inducible
degrader of the LDL receptor (IDOL) [184]. In addition, IDOL was found to be a modifying
protein regulating stability of squalene epoxidase [112]. MAS are substrates of NSDHL
enzyme and inhibition of NSDHL was observed in tumors with activated EGFR-KRAS
signaling [81]. Vitamin D precursor, 7-dehydrocholesterol, has been shown to induce
apoptosis and inhibit melanoma cell proliferation as well as invasion [185]. It is interesting
that vitamin D supplementation reduced the incidence of advanced cancer (hazard ratio
0.62 [95% CI, 0.45–0.86]) [187].

Metabolites from Group III did not show any significant effects in tumors (Table 4) and
their metabolites levels can be fluctuated depending on external factors, e.g., chemical treat-
ment. The inhibitory effect of phenyl acetate on the prostate cancer cells proliferation was
found, leading to a decrease in farnesyl pyrophosphate accumulation. At the same time, ex-
ogenous farnesyl pyrophosphate reduces the effect of phenyl acetate on the cell proliferation
and apoptosis [188]. It can be noted that inhibition of zymosterol biosynthesis occurred in
melanoma cells [189] while treatment of rat hepatoma cells with 24(R,S),25-imino-lanosterol
and triparanol caused accumulation of zymosterol and desmosterol [190]. Application of
carcinogens 3-methylcholanthrene and 12-O-tetradecanoylphorbol-13-acetate in mouse
models resulted in elevation of 7-dehydro-desmosterol and desmosterol levels, but choles-
terol level was constant [192].

For all other cholesterol precursors mevalonate-5-pyrophosphate, isopentenyl-PP,
presqualene-pyrophosphate, (S)-squalen-2,3-epoxide, 4-methylzymosterol-carboxylate,
3-keto-4-methylzymosterol, 4-methylzymosterol, 4-alpha-carboxyl-5-alpha-cholesta-8,24-
dien-3-beta-ol, zymosterone, 5-alpha-cholesta-7,24-dien-3-beta-ol, cholesta-8-en-3-beta-ol,
5-alpha-cholesta-7,24-dien -3-beta-ol) we could not find reports on their involvement in
cancers.

We demonstrated evidence from the above literature on opposite effects of choles-
terol precursors and what determines the need of further investigations to collect a more
balanced view on tumor promoting and tumor suppressive roles of these metabolites.

5. Conclusions

Cancer significance of cholesterol synthesis pathway strengthens with the growing
number of reports on transcriptomic, proteomic and metabolomic aspects. We summarized
and analyzed the current data on interactomics of cholesterol synthesis enzymes in the
cancer-related context, since this topic has only been fragmentarily mentioned and not
sufficiently systematized. To date, PPIs and mechanisms of regulation through post-
translational modifications are fairly well investigated for 3-hydroxy-3-methylglutaryl
coenzyme A reductase and squalene epoxidase. Analysis of interactomics datasets showed
that there is a dual problem of poor coverage of sub-interactome mapping for one part
of enzymes and protein partners’ redundancy for other target enzymes. The lack of
functional annotation for experimentally verified binary protein interactions, especially in
the disease-related and tumor-/tissue-specific context, could stimulate investigation on
sub-interactomes mapping and revealing the post-translational regulation mechanisms
for understudied clinically relevant cholesterol synthesis enzymes. Future studies are also
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required to identify tumor/normal discrimination of protein–protein and protein–ligand
interactions involved in this pathway.

According to the Cancer Dependency Map (https://depmap.org/portal/) knock-
outs of HMGCR, MVK, MVD and FDPS genes in the mevalonate “part” of the pathway
resulted in a loss of cell viability of cancer cell lines. Since enzymes encoded by these
genes are druggable and their pharmacological targeting can be of particular interest for
development of medicines specific to cancer cells. The reasonableness of complementary
cholesterol lowering strategy for increasing the efficacy of classical anticancer therapeutic
schemes is being tested in several clinical trials. However, a parity of benefits and harms of
pharmacological “shutdown” of discrete parts or a whole cholesterol synthesis pathway is
still controversial.
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PPI protein–protein interaction
DEG differentially expressed genes
ER endoplasmic reticulum
ERAD endoplasmic reticulum associated degradation
EMT epithelial-mesenchymal transition
MAS meiosis activating sterol
HMGCR 3-hydroxy-3-methylglutaryl-CoA reductase
MVK mevalonate kinase
PMVK phosphomevalonate kinase
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MVD mevalonate diphosphate decarboxylase
FDPS (2E,6E)-farnesyl diphosphate synthase
FDFT1 farnesyl-diphosphate farnesyltransferase 1
SQLE squalene epoxidase
LSS lanosterol synthase
DHCR24 24-dehydrocholesterol reductase
CYP51A1 sterol 14-alpha-demethylase
TM7SF2 delta(14)-sterol reductase
MSMO1 methylsterol monooxygenase 1
NSDHL sterol-4alpha-carboxylate 3-dehydrogenase
HSD17B7 17-beta-estradiol 17-dehydrogenase
EBP cholestenol delta-isomerase
SC5D sterol-C5-desaturase
DHCR7 7-dehydrocholesterol reductase
ACC adrenocortical carcinoma
BLCA bladder urothelial carcinoma
BRCA breast invasive carcinoma
CESC cervical squamous cell carcinoma and endocervical adenocarcinoma
CHOL cholangiocarcinoma
COAD colon adenocarcinoma
DLBC lymphoid neoplasm diffuse large B-cell lymphoma
ESCA esophageal carcinoma
GBM glioblastoma multiforme
HNSC head and neck squamous cell carcinoma
KICH kidney chromophobe renal cell carcinoma
KIRC kidney renal clear cell carcinoma
KIRP kidney renal papillary cell carcinoma
LAML scute myeloid leukemia
LGG brain lower grade glioma
LIHC liver hepatocellular carcinoma
LUAD lung adenocarcinoma
LUSC lung squamous cell carcinoma
MESO mesothelioma
OV ovarian serous cystadenocarcinoma
PAAD pancreatic adenocarcinoma
PCPG pheochromocytoma and paraganglioma
PRAD prostate adenocarcinoma,
READ rectum adenocarcinoma
SARC sarcoma
SKCM skin cutaneous melanoma
STAD stomach adenocarcinoma
TGCT testicular germ cell tumors
THCA thyroid carcinoma
THYM thymoma
UCEC uterine corpus endometrial carcinoma
UCS uterine carcinosarcoma
UVM uveal melanoma

References
1. Luo, J.; Yang, H.; Song, B.-L. Mechanisms and regulation of cholesterol homeostasis. Nat. Rev. Mol. Cell Biol. 2019, 21, 225–245.

[CrossRef]
2. Xu, H.; Zhou, S.; Tang, Q.; Xia, H.; Bi, F. Cholesterol metabolism: New functions and therapeutic approaches in cancer. Biochim.

Biophys. Acta BBA Rev. Cancer 2020, 1874, 188394. [CrossRef] [PubMed]
3. Kuzu, O.; Noory, M.A.; Robertson, G.P. The Role of Cholesterol in Cancer. Cancer Res. 2016, 76, 2063–2070. [CrossRef] [PubMed]
4. Huang, B.; Song, B.-L.; Xu, C. Cholesterol metabolism in cancer: Mechanisms and therapeutic opportunities. Nat. Metab. 2020, 2,

132–141. [CrossRef] [PubMed]
5. Riscal, R.; Skuli, N.; Simon, M.C. Even Cancer Cells Watch Their Cholesterol! Mol. Cell 2019, 76, 220–231. [CrossRef]

http://doi.org/10.1038/s41580-019-0190-7
http://doi.org/10.1016/j.bbcan.2020.188394
http://www.ncbi.nlm.nih.gov/pubmed/32698040
http://doi.org/10.1158/0008-5472.CAN-15-2613
http://www.ncbi.nlm.nih.gov/pubmed/27197250
http://doi.org/10.1038/s42255-020-0174-0
http://www.ncbi.nlm.nih.gov/pubmed/32694690
http://doi.org/10.1016/j.molcel.2019.09.008


Biomedicines 2021, 9, 895 21 of 28

6. Lyu, J.; Yang, E.J.; Shim, J.S. Cholesterol Trafficking: An Emerging Therapeutic Target for Angiogenesis and Cancer. Cells 2019, 8,
389. [CrossRef]

7. Hu, J.; La Vecchia, C.; de Groh, M.; Negri, E.; Morrison, H.; Mery, L. Dietary cholesterol intake and cancer. Ann. Oncol. 2011, 23,
491–500. [CrossRef]

8. Hryniewicz-Jankowska, A.; Augoff, K.; Sikorski, A.F. The role of cholesterol and cholesterol-driven membrane raft domains in
prostate cancer. Exp. Biol. Med. 2019, 244, 1053–1061. [CrossRef]

9. Ahmadi, M.; Amiri, S.; Pecic, S.; Machaj, F.; Rosik, J.; Łos, M.J.; Alizadeh, J.; Mahdian, R.; Rosa, S.C.D.S.; Schaafsma, D.; et al.
Pleiotropic effects of statins: A focus on cancer. Biochim. et Biophys. Acta BBA Mol. Basis Dis. 2020, 1866, 165968. [CrossRef]

10. Thomas, J.P.; Loke, Y.K.; Alexandre, L. Efficacy and safety profile of statins in patients with cancer: A systematic review of
randomised controlled trials. Eur. J. Clin. Pharmacol. 2020, 76, 1639–1651. [CrossRef]

11. Graaf, M.R.; Beiderbeck, A.B.; Egberts, T.; Richel, D.J.; Guchelaar, H.-J. The Risk of Cancer in Users of Statins. J. Clin. Oncol. 2004,
22, 2388–2394. [CrossRef] [PubMed]

12. Farooqi, M.A.M.; Malhotra, N.; Mukherjee, S.D.; Sanger, S.; Dhesy-Thind, S.K.; Ellis, P.; Leong, D.P. Statin therapy in the treatment
of active cancer: A systematic review and meta-analysis of randomized controlled trials. PLoS ONE 2018, 13, e0209486. [CrossRef]

13. Emilsson, L.; García-Albéniz, X.; Logan, R.W.; Caniglia, E.C.; Kalager, M.; Hernán, M. Examining Bias in Studies of Statin
Treatment and Survival in Patients With Cancer. JAMA Oncol. 2018, 4, 63–70. [CrossRef]

14. Sharpe, L.J.; Coates, H.W.; Brown, A.J. Post-translational control of the long and winding road to cholesterol. J. Biol. Chem. 2020,
295, 17549–17559. [CrossRef]

15. Wang, Z.; Jensen, M.; Zenklusen, J.C. A Practical Guide to The Cancer Genome Atlas (TCGA). In Statistical Genomics; Humana
Press: New York, NY, USA, 2016; Volume 1418, pp. 111–141. [CrossRef]

16. Weinstein, J.N.; The Cancer Genome Atlas Research Network; Lin, J.; Mills, G.B.; Shaw, K.R.M.; A Ozenberger, B.; Ellrott, K.;
Shmulevich, I.; Sander, C.; Stuart, J.M. The Cancer Genome Atlas Pan-Cancer analysis project. Nat. Genet. 2013, 45, 1113–1120.
[CrossRef] [PubMed]

17. Tang, Z.; Kang, B.; Li, C.; Chen, T.; Zhang, Z. GEPIA2: An enhanced web server for large-scale expression profiling and interactive
analysis. Nucleic Acids Res. 2019, 47, W556–W560. [CrossRef]

18. Broom, B.M.; Ryan, M.C.; Brown, R.E.; Ikeda, F.; Stucky, M.; Kane, D.W.; Melott, J.; Wakefield, C.; Casasent, T.D.; Akbani, R.;
et al. A Galaxy Implementation of Next-Generation Clustered Heatmaps for Interactive Exploration of Molecular Profiling Data.
Cancer Res. 2017, 77, e23–e26. [CrossRef] [PubMed]

19. Metsalu, T.; Vilo, J. ClustVis: A web tool for visualizing clustering of multivariate data using Principal Component Analysis and
heatmap. Nucleic Acids Res. 2015, 43, W566–W570. [CrossRef]

20. Alexeyenko, A.; Schmitt, T.; Tjärnberg, A.; Guala, D.; Frings, O.; Sonnhammer, E.L.L. Comparative interactomics with Funcoup
2.0. Nucleic Acids Res. 2011, 40, D821–D828. [CrossRef]

21. Calderone, A.; Castagnoli, L.; Cesareni, G. Mentha: A resource for browsing integrated protein-interaction networks. Nat. Methods
2013, 10, 690–691. [CrossRef]

22. Giurgiu, M.; Reinhard, J.; Brauner, B.; Dunger-Kaltenbach, I.; Fobo, G.; Frishman, G.; Montrone, C.; Ruepp, A. CORUM: The
comprehensive resource of mammalian protein complexes—2019. Nucleic Acids Res. 2018, 47, D559–D563. [CrossRef] [PubMed]

23. Mathivanan, S.; Simpson, R.J. ExoCarta: A compendium of exosomal proteins and RNA. Proteomics 2009, 9, 4997–5000. [CrossRef]
24. Alonso-López, D.; Laborie, F.J.C.; A Gutiérrez, M.; Lambourne, L.; A Calderwood, M.; Vidal, M.; Rivas, J.D.L. APID database:

Redefining protein–protein interaction experimental evidences and binary interactomes. Database 2019, 2019. [CrossRef]
25. Licata, L.; Briganti, L.; Peluso, D.; Perfetto, L.; Iannuccelli, M.; Galeota, E.; Sacco, F.; Palma, A.; Nardozza, A.P.; Santonico, E.; et al.

MINT, the molecular interaction database: 2012 update. Nucleic Acids Res. 2011, 40, D857–D861. [CrossRef] [PubMed]
26. Licata, L.; Surdo, P.L.; Iannuccelli, M.; Palma, A.; Micarelli, E.; Perfetto, L.; Peluso, D.; Calderone, A.; Castagnoli, L.; Cesareni, G.

SIGNOR 2.0, the SIGnaling Network Open Resource 2.0: 2019 update. Nucleic Acids Res. 2019, 48, D504–D510. [CrossRef]
27. Luck, K.; Kim, D.-K.; Lambourne, L.; Spirohn, K.; Begg, B.E.; Bian, W.; Brignall, R.; Cafarelli, T.; Laborie, F.J.C.; Charloteaux, B.;

et al. A reference map of the human binary protein interactome. Nat. Cell Biol. 2020, 580, 402–408. [CrossRef]
28. Kotlyar, M.; Pastrello, C.; Malik, Z.; Jurisica, I. IID 2018 update: Context-specific physical protein–protein interactions in human,

model organisms and domesticated species. Nucleic Acids Res. 2018, 47, D581–D589. [CrossRef]
29. Schweppe, D.K.; Huttlin, E.; Harper, J.; Gygi, S.P. BioPlex Display: An Interactive Suite for Large-Scale AP–MS Protein–Protein

Interaction Data. J. Proteome Res. 2017, 17, 722–726. [CrossRef] [PubMed]
30. Orii, N.; Ganapathiraju, M.K. Wiki-Pi: A Web-Server of Annotated Human Protein-Protein Interactions to Aid in Discovery of

Protein Function. PLoS ONE 2012, 7, e49029. [CrossRef]
31. Alanis-Lobato, G.; Andrade-Navarro, M.A.; Schaefer, M.H. HIPPIE v2.0: Enhancing meaningfulness and reliability of protein–

protein interaction networks. Nucleic Acids Res. 2016, 45, D408–D414. [CrossRef]
32. Das, J.; Yu, H. HINT: High-quality protein interactomes and their applications in understanding human disease. BMC Syst. Biol.

2012, 6, 92. [CrossRef]
33. Wang, J.; Vasaikar, S.; Shi, Z.; Greer, M.; Zhang, B. WebGestalt 2017: A more comprehensive, powerful, flexible and interactive

gene set enrichment analysis toolkit. Nucleic Acids Res. 2017, 45, W130–W137. [CrossRef] [PubMed]
34. Tsherniak, A.; Vazquez, F.; Montgomery, P.G.; Weir, B.A.; Kryukov, G.; Cowley, G.S.; Gill, S.; Harrington, W.F.; Pantel, S.;

Krill-Burger, J.; et al. Defining a Cancer Dependency Map. Cell 2017, 170, 564–576.e16. [CrossRef]

http://doi.org/10.3390/cells8050389
http://doi.org/10.1093/annonc/mdr155
http://doi.org/10.1177/1535370219870771
http://doi.org/10.1016/j.bbadis.2020.165968
http://doi.org/10.1007/s00228-020-02967-0
http://doi.org/10.1200/JCO.2004.02.027
http://www.ncbi.nlm.nih.gov/pubmed/15197200
http://doi.org/10.1371/journal.pone.0209486
http://doi.org/10.1001/jamaoncol.2017.2752
http://doi.org/10.1074/jbc.REV120.010723
http://doi.org/10.1007/978-1-4939-3578-9_6
http://doi.org/10.1038/ng.2764
http://www.ncbi.nlm.nih.gov/pubmed/24071849
http://doi.org/10.1093/nar/gkz430
http://doi.org/10.1158/0008-5472.CAN-17-0318
http://www.ncbi.nlm.nih.gov/pubmed/29092932
http://doi.org/10.1093/nar/gkv468
http://doi.org/10.1093/nar/gkr1062
http://doi.org/10.1038/nmeth.2561
http://doi.org/10.1093/nar/gky973
http://www.ncbi.nlm.nih.gov/pubmed/30357367
http://doi.org/10.1002/pmic.200900351
http://doi.org/10.1093/database/baz005
http://doi.org/10.1093/nar/gkr930
http://www.ncbi.nlm.nih.gov/pubmed/22096227
http://doi.org/10.1093/nar/gkz949
http://doi.org/10.1038/s41586-020-2188-x
http://doi.org/10.1093/nar/gky1037
http://doi.org/10.1021/acs.jproteome.7b00572
http://www.ncbi.nlm.nih.gov/pubmed/29054129
http://doi.org/10.1371/journal.pone.0049029
http://doi.org/10.1093/nar/gkw985
http://doi.org/10.1186/1752-0509-6-92
http://doi.org/10.1093/nar/gkx356
http://www.ncbi.nlm.nih.gov/pubmed/28472511
http://doi.org/10.1016/j.cell.2017.06.010


Biomedicines 2021, 9, 895 22 of 28

35. Allot, A.; Chen, Q.; Kim, S.; Alvarez, R.V.; Comeau, D.C.; Wilbur, W.J.; Lu, Z. LitSense: Making sense of biomedical literature at
sentence level. Nucleic Acids Res. 2019, 47, W594–W599. [CrossRef]

36. Mani, M.; Chen, C.; Amblee, V.; Liu, H.; Mathur, T.; Zwicke, G.; Zabad, S.; Patel, B.; Thakkar, J.; Jeffery, C.J. MoonProt: A database
for proteins that are known to moonlight. Nucleic Acids Res. 2014, 43, D277–D282. [CrossRef]

37. Hu, L.-D.; Wang, J.; Chen, X.-J.; Yan, Y.-B. Lanosterol modulates proteostasis via dissolving cytosolic sequestosomes/aggresome-
like induced structures. Biochim. Biophys. Acta BBA Mol. Cell Res. 2020, 1867, 118617. [CrossRef] [PubMed]

38. Reilly, J.F.; Martinez, S.D.; Mickey, G.; Maher, P.A. A novel role for farnesyl pyrophosphate synthase in fibroblast growth
factor-mediated signal transduction. Biochem. J. 2002, 366, 501–510. [CrossRef] [PubMed]

39. Lu, X.; Li, Y.; Wang, W.; Chen, S.; Liu, T.; Jia, D.; Quan, X.; Sun, D.; Chang, A.K.; Gao, B. 3 β-Hydroxysteroid-∆ 24 Reductase
(DHCR24) Protects Neuronal Cells from Apoptotic Cell Death Induced by Endoplasmic Reticulum (ER) Stress. PLoS ONE 2014, 9,
e86753. [CrossRef]

40. Long, T.; Hassan, A.; Thompson, B.M.; McDonald, J.G.; Wang, J.; Li, X. Structural basis for human sterol isomerase in cholesterol
biosynthesis and multidrug recognition. Nat. Commun. 2019, 10, 1–8. [CrossRef]

41. Sharma, V.; Shing, B.; Hernandez-Alvarez, L.; Debnath, A.; Podust, L.M. Domain-Swap Dimerization of Acanthamoeba castellanii
CYP51 and a Unique Mechanism of Inactivation by Isavuconazole. Mol. Pharmacol. 2020, 98, 770–780. [CrossRef]

42. Potter, D.; Miziorko, H.M. Identification of Catalytic Residues in Human Mevalonate Kinase. J. Biol. Chem. 1997, 272, 25449–25454.
[CrossRef]

43. Padyana, A.K.; Gross, S.; Jin, L.; Cianchetta, G.; Narayanaswamy, R.; Wang, F.; Wang, R.; Fang, C.; Lv, X.; Biller, S.A.; et al.
Structure and inhibition mechanism of the catalytic domain of human squalene epoxidase. Nat. Commun. 2019, 10, 1–10.
[CrossRef] [PubMed]

44. Istvan, E.S.; Palnitkar, M.; Buchanan, S.K.; Deisenhofer, J. Crystal structure of the catalytic portion of human HMG-CoA reductase:
Insights into regulation of activity and catalysis. EMBO J. 2000, 19, 819–830. [CrossRef]

45. Hong, S.M.; Hwang, S.W.; Wang, T.; Park, C.W.; Ryu, Y.; Jung, J.; Shin, J.H.; Kim, S.; Lee, J.L.; Kim, C.W.; et al. Increased
nicotinamide adenine dinucleotide pool promotes colon cancer progression by suppressing reactive oxygen species level. Cancer
Sci. 2018, 110, 629–638. [CrossRef] [PubMed]

46. Zou, L.; Li, L.; Porter, T.D. 7-Dehydrocholesterol reductase activity is independent of cytochrome P450 reductase. J. Steroid
Biochem. Mol. Biol. 2011, 127, 435–438. [CrossRef] [PubMed]

47. Porter, T.D. New insights into the role of cytochrome P450 reductase (POR) in microsomal redox biology. Acta Pharm. Sin. B 2012,
2, 102–106. [CrossRef]

48. Liu, D.; Wong, C.C.; Fu, L.; Chen, H.; Zhao, L.; Li, C.; Zhou, Y.; Zhang, Y.; Xu, W.; Yang, Y.; et al. Squalene epoxidase drives
NAFLD-induced hepatocellular carcinoma and is a pharmaceutical target. Sci. Transl. Med. 2018, 10, eaap9840. [CrossRef]

49. Yarmolinsky, J.; Bull, C.J.; Vincent, E.; Robinson, J.; Walther, A.; Smith, G.D.; Lewis, S.J.; Relton, C.; Martin, R.M. Association
Between Genetically Proxied Inhibition of HMG-CoA Reductase and Epithelial Ovarian Cancer. JAMA 2020, 323, 646–655.
[CrossRef]

50. Zhang, T.; Bai, R.; Wang, Q.; Wang, K.; Li, X.; Liu, K.; Ryu, J.; Wang, T.; Chang, X.; Ma, W.; et al. Fluvastatin Inhibits HMG-CoA
Reductase and Prevents Non–Small Cell Lung Carcinogenesis. Cancer Prev. Res. 2019, 12, 837–848. [CrossRef]

51. Yun, U.-J.; Lee, J.-H.; Shim, J.; Yoon, K.; Goh, S.-H.; Yi, E.H.; Ye, S.-K.; Lee, J.-S.; Lee, H.; Park, J.; et al. Anti-cancer effect of
doxorubicin is mediated by downregulation of HMG-Co A reductase via inhibition of EGFR/Src pathway. Lab. Investig. 2019, 99,
1157–1172. [CrossRef] [PubMed]

52. Kozar, K.; Kaminski, R.; Legat, M.; Kopec, M.; Nowis, D.; Skierski, J.S.; Koronkiewicz, M.; Jakóbisiak, M.; Golab, J. Cerivastatin
demonstrates enhanced antitumor activity against human breast cancer cell lines when used in combination with doxorubicin or
cisplatin. Int. J. Oncol. 2004, 24, 1149–1157. [CrossRef] [PubMed]

53. Fromigué, O.; Hamidouche, Z.; Marie, P.J. Statin-Induced Inhibition of 3-Hydroxy-3-Methyl Glutaryl Coenzyme A Reductase
Sensitizes Human Osteosarcoma Cells to Anticancer Drugs. J. Pharmacol. Exp. Ther. 2008, 325, 595–600. [CrossRef] [PubMed]

54. Roudier, E.; Mistafa, O.; Stenius, U. Statins induce mammalian target of rapamycin (mTOR)-mediated inhibition of Akt signaling
and sensitize p53-deficient cells to cytostatic drugs. Mol. Cancer Ther. 2006, 5, 2706–2715. [CrossRef] [PubMed]

55. Hayashi, K.; Nakazato, Y.; Morito, N.; Sagi, M.; Fujita, T.; Anzai, N.; Chida, M. Fluvastatin is effective against thymic carcinoma.
Life Sci. 2020, 240, 117110. [CrossRef] [PubMed]

56. Kim, S.I.; Jung, M.; Dan, K.; Lee, S.; Lee, C.; Kim, H.S.; Chung, H.H.; Kim, J.-W.; Park, N.H.; Song, Y.-S.; et al. Proteomic Discovery
of Biomarkers to Predict Prognosis of High-Grade Serous Ovarian Carcinoma. Cancers 2020, 12, 790. [CrossRef]

57. Shen, K.; Rice, S.D.; Gingrich, D.A.; Wang, D.; Mi, Z.; Tian, C.; Ding, Z.; Brower, S.L.; Ervin, P.R.; Gabrin, M.J.; et al. Distinct
Genes Related to Drug Response Identified in ER Positive and ER Negative Breast Cancer Cell Lines. PLoS ONE 2012, 7, e40900.
[CrossRef]

58. Todenhöfer, T.; Hennenlotter, J.; Kühs, U.; Gerber, V.; Gakis, G.; Vogel, U.; Aufderklamm, S.; Merseburger, A.; Knapp, J.; Stenzl, A.;
et al. Altered expression of farnesyl pyrophosphate synthase in prostate cancer: Evidence for a role of the mevalonate pathway in
disease progression? World J. Urol. 2012, 31, 345–350. [CrossRef]

59. Han, S.; Li, X.; Xia, Y.; Yu, Z.; Cai, N.; Malwal, S.R.; Han, X.; Oldfield, E.; Zhang, Y. Farnesyl Pyrophosphate Synthase as a Target
for Drug Development: Discovery of Natural-Product-Derived Inhibitors and Their Activity in Pancreatic Cancer Cells. J. Med.
Chem. 2019, 62, 10867–10896. [CrossRef] [PubMed]

http://doi.org/10.1093/nar/gkz289
http://doi.org/10.1093/nar/gku954
http://doi.org/10.1016/j.bbamcr.2019.118617
http://www.ncbi.nlm.nih.gov/pubmed/31785334
http://doi.org/10.1042/bj20020560
http://www.ncbi.nlm.nih.gov/pubmed/12020352
http://doi.org/10.1371/journal.pone.0086753
http://doi.org/10.1038/s41467-019-10279-w
http://doi.org/10.1124/molpharm.120.000092
http://doi.org/10.1074/jbc.272.41.25449
http://doi.org/10.1038/s41467-018-07928-x
http://www.ncbi.nlm.nih.gov/pubmed/30626872
http://doi.org/10.1093/emboj/19.5.819
http://doi.org/10.1111/cas.13886
http://www.ncbi.nlm.nih.gov/pubmed/30457689
http://doi.org/10.1016/j.jsbmb.2011.06.011
http://www.ncbi.nlm.nih.gov/pubmed/21762780
http://doi.org/10.1016/j.apsb.2012.02.002
http://doi.org/10.1126/scitranslmed.aap9840
http://doi.org/10.1001/jama.2020.0150
http://doi.org/10.1158/1940-6207.CAPR-19-0211
http://doi.org/10.1038/s41374-019-0193-1
http://www.ncbi.nlm.nih.gov/pubmed/30700846
http://doi.org/10.3892/ijo.24.5.1149
http://www.ncbi.nlm.nih.gov/pubmed/15067336
http://doi.org/10.1124/jpet.108.136127
http://www.ncbi.nlm.nih.gov/pubmed/18252811
http://doi.org/10.1158/1535-7163.MCT-06-0352
http://www.ncbi.nlm.nih.gov/pubmed/17121917
http://doi.org/10.1016/j.lfs.2019.117110
http://www.ncbi.nlm.nih.gov/pubmed/31786191
http://doi.org/10.3390/cancers12040790
http://doi.org/10.1371/journal.pone.0040900
http://doi.org/10.1007/s00345-012-0844-y
http://doi.org/10.1021/acs.jmedchem.9b01405
http://www.ncbi.nlm.nih.gov/pubmed/31725297


Biomedicines 2021, 9, 895 23 of 28

60. Qiu, L.; Yang, H.; Lv, G.; Li, K.; Liu, G.; Wang, W.; Wang, S.; Zhao, X.; Xie, M.; Lin, J. Insights into the mevalonate pathway in the
anticancer effect of a platinum complex on human gastric cancer cells. Eur. J. Pharmacol. 2017, 810, 120–127. [CrossRef] [PubMed]

61. Lin, L.; Li, M.; Lin, L.; Xu, X.; Jiang, G.; Wu, L. FPPS mediates TGF-β1-induced non-small cell lung cancer cell invasion and the
EMT process via the RhoA/Rock1 pathway. Biochem. Biophys. Res. Commun. 2018, 496, 536–541. [CrossRef]

62. Lin, Y.-S.; Park, J.; De Schutter, J.W.; Huang, X.F.; Berghuis, A.M.; Sebag, M.; Tsantrizos, Y.S. Design and Synthesis of Active
Site Inhibitors of the Human Farnesyl Pyrophosphate Synthase: Apoptosis and Inhibition of ERK Phosphorylation in Multiple
Myeloma Cells. J. Med. Chem. 2012, 55, 3201–3215. [CrossRef]

63. Ha, N.T.; Lee, C.H. Roles of Farnesyl-Diphosphate Farnesyltransferase 1 in Tumour and Tumour Microenvironments. Cells 2020,
9, 2352. [CrossRef] [PubMed]

64. Yang, Y.-F.; Jan, Y.-H.; Liu, Y.-P.; Yang, C.-J.; Su, C.-Y.; Chang, Y.-C.; Lai, T.-C.; Chiou, J.; Tsai, H.-Y.; Lu, J.; et al. Squalene Synthase
Induces Tumor Necrosis Factor Receptor 1 Enrichment in Lipid Rafts to Promote Lung Cancer Metastasis. Am. J. Respir. Crit. Care
Med. 2014, 190, 675–687. [CrossRef] [PubMed]

65. Weng, M.-L.; Chen, W.-K.; Chen, X.-Y.; Lu, H.; Sun, Z.-R.; Yu, Q.; Sun, P.-F.; Xu, Y.-J.; Zhu, M.-M.; Jiang, N.; et al. Fasting inhibits
aerobic glycolysis and proliferation in colorectal cancer via the Fdft1-mediated AKT/mTOR/HIF1α pathway suppression. Nat.
Commun. 2020, 11, 1–17. [CrossRef] [PubMed]

66. Fukuma, Y.; Matsui, H.; Koike, H.; Sekine, Y.; Shechter, I.; Ohtake, N.; Nakata, S.; Ito, K.; Suzuki, K. Role of squalene synthase in
prostate cancer risk and the biological aggressiveness of human prostate cancer. Prostate Cancer Prostatic Dis. 2012, 15, 339–345.
[CrossRef] [PubMed]

67. Ge, H.; Zhao, Y.; Shi, X.; Tan, Z.; Chi, X.; He, M.; Jiang, G.; Ji, L.; Li, H. Squalene epoxidase promotes the proliferation and
metastasis of lung squamous cell carcinoma cells though extracellular signal-regulated kinase signaling. Thorac. Cancer 2019, 10,
428–436. [CrossRef]

68. Sui, Z.; Zhou, J.; Cheng, Z.; Lu, P. Squalene epoxidase (SQLE) promotes the growth and migration of the hepatocellular carcinoma
cells. Tumor Biol. 2015, 36, 6173–6179. [CrossRef]

69. Brown, D.N.; Caffa, I.; Cirmena, G.; Piras, D.; Garuti, A.; Gallo, M.; Alberti, S.; Nencioni, A.; Ballestrero, A.; Zoppoli, G. Squalene
epoxidase is a bona fide oncogene by amplification with clinical relevance in breast cancer. Sci. Rep. 2016, 6, 19435. [CrossRef]

70. Shen, T.; Lu, Y.; Zhang, Q. High Squalene Epoxidase in Tumors Predicts Worse Survival in Patients With Hepatocellular
Carcinoma: Integrated Bioinformatic Analysis on NAFLD and HCC. Cancer Control. 2020, 27. [CrossRef]

71. Jun, S.Y.; Brown, A.J.; Chua, N.K.; Yoon, J.-Y.; Lee, J.-J.; Yang, J.O.; Jang, I.; Jeon, S.-J.; Choi, T.-I.; Kim, C.-H.; et al. Reduction of
Squalene Epoxidase by Cholesterol Accumulation Accelerates Colorectal Cancer Progression and Metastasis. Gastroenterology
2021, 160, 1194–1207.e28. [CrossRef]

72. Li, L.; Zhang, Q.; Wang, X.; Li, Y.; Xie, H.; Chen, X. Squalene epoxidase-induced cholesteryl ester accumulation promotes
nasopharyngeal carcinoma development by activating PI3K/AKT signaling. Cancer Sci. 2020, 111, 2275–2283. [CrossRef]

73. Phillips, R.E.; Yang, Y.; Smith, R.C.; Thompson, B.; Yamasaki, T.; Soto-Feliciano, Y.M.; Funato, K.; Liang, Y.; Garcia-Bermudez, J.;
Wang, X.; et al. Target identification reveals lanosterol synthase as a vulnerability in glioma. Proc. Natl. Acad. Sci. USA 2019, 116,
7957–7962. [CrossRef]

74. Stäubert, C.; Krakowsky, R.; Bhuiyan, H.; Witek, B.; Lindahl, A.; Broom, O.; Nordström, A. Increased lanosterol turnover: A
metabolic burden for daunorubicin-resistant leukemia cells. Med Oncol. 2015, 33, 1–10. [CrossRef]

75. Howell, M.C.; Green, R.; Khalil, R.; Foran, E.; Quarni, W.; Nair, R.; Stevens, S.; Grinchuk, A.; Hanna, A.; Mohapatra, S.; et al. Lung
cancer cells survive epidermal growth factor receptor tyrosine kinase inhibitor exposure through upregulation of cholesterol
synthesis. FASEB BioAdv. 2019, 2, 90–105. [CrossRef]

76. Kumarakulasingham, M.; Rooney, P.H.; Dundas, S.R.; Telfer, C.; Melvin, W.T.; Curran, S.; Murray, G.I. Cytochrome P450 Profile of
Colorectal Cancer: Identification of Markers of Prognosis. Clin. Cancer Res. 2005, 11, 3758–3765. [CrossRef]

77. Hargrove, T.Y.; Friggeri, L.; Wawrzak, Z.; Sivakumaran, S.; Yazlovitskaya, E.M.; Hiebert, S.W.; Guengerich, F.P.; Waterman, M.R.;
Lepesheva, G.I. Human sterol 14α-demethylase as a target for anticancer chemotherapy: Towards structure-aided drug design. J.
Lipid Res. 2016, 57, 1552–1563. [CrossRef]

78. Bartoli, D.; Piobbico, D.; Bellet, M.M.; Bennati, A.M.; Roberti, R.; Della Fazia, M.A.; Servillo, G. Impaired cell proliferation in
regenerating liver of 3 β-hydroxysterol ∆14-reductase (TM7SF2) knock-out mice. Cell Cycle 2016, 15, 2164–2173. [CrossRef]

79. Bellezza, I.; Gatticchi, L.; DEL Sordo, R.; Peirce, M.J.; Sidoni, A.; Roberti, R.; Minelli, A. The loss of Tm7sf gene accelerates skin
papilloma formation in mice. Sci. Rep. 2015, 5, 9471. [CrossRef]

80. Yoon, S.-H.; Kim, H.S.; Kim, R.N.; Jung, S.-Y.; Hong, B.S.; Kang, E.J.; Lee, H.-B.; Moon, H.-G.; Noh, D.-Y.; Han, W. NAD(P)-
dependent steroid dehydrogenase-like is involved in breast cancer cell growth and metastasis. BMC Cancer 2020, 20, 375.
[CrossRef] [PubMed]

81. Gabitova, L.; Restifo, D.; Gorin, A.; Manocha, K.; Handorf, E.; Yang, D.-H.; Cai, K.Q.; Klein-Szanto, A.J.; Cunningham, D.; Kratz,
L.E.; et al. Endogenous Sterol Metabolites Regulate Growth of EGFR/KRAS-Dependent Tumors via LXR. Cell Rep. 2015, 12,
1927–1938. [CrossRef]

82. Sukhanova, A.; Gorin, A.; Serebriiskii, I.G.; Gabitova, L.; Zheng, H.; Restifo, D.; Egleston, B.L.; Cunningham, D.; Bagnyukova, T.;
Liu, H.; et al. Targeting C4-Demethylating Genes in the Cholesterol Pathway Sensitizes Cancer Cells to EGF Receptor Inhibitors
via Increased EGF Receptor Degradation. Cancer Discov. 2012, 3, 96–111. [CrossRef]

http://doi.org/10.1016/j.ejphar.2017.06.035
http://www.ncbi.nlm.nih.gov/pubmed/28666798
http://doi.org/10.1016/j.bbrc.2018.01.066
http://doi.org/10.1021/jm201657x
http://doi.org/10.3390/cells9112352
http://www.ncbi.nlm.nih.gov/pubmed/33113804
http://doi.org/10.1164/rccm.201404-0714OC
http://www.ncbi.nlm.nih.gov/pubmed/25152164
http://doi.org/10.1038/s41467-020-15795-8
http://www.ncbi.nlm.nih.gov/pubmed/32313017
http://doi.org/10.1038/pcan.2012.14
http://www.ncbi.nlm.nih.gov/pubmed/22546838
http://doi.org/10.1111/1759-7714.12944
http://doi.org/10.1007/s13277-015-3301-x
http://doi.org/10.1038/srep19435
http://doi.org/10.1177/1073274820914663
http://doi.org/10.1053/j.gastro.2020.09.009
http://doi.org/10.1111/cas.14426
http://doi.org/10.1073/pnas.1820989116
http://doi.org/10.1007/s12032-015-0717-5
http://doi.org/10.1096/fba.2019-00081
http://doi.org/10.1158/1078-0432.CCR-04-1848
http://doi.org/10.1194/jlr.M069229
http://doi.org/10.1080/15384101.2016.1195939
http://doi.org/10.1038/srep09471
http://doi.org/10.1186/s12885-020-06840-2
http://www.ncbi.nlm.nih.gov/pubmed/32366230
http://doi.org/10.1016/j.celrep.2015.08.023
http://doi.org/10.1158/2159-8290.CD-12-0031


Biomedicines 2021, 9, 895 24 of 28

83. Xiao, Y.; Xie, J.; Liu, L.; Huang, W.; Han, Q.; Qin, J.; Liu, S.; Jiang, Z. NAD(P)-dependent steroid dehydrogenase-like protein and
neutral cholesterol ester hydrolase 1 serve as novel markers for early detection of gastric cancer identified using quantitative
proteomics. J. Clin. Lab. Anal. 2020, 35, e23652. [CrossRef] [PubMed]

84. Xue, T.; Zhang, Y.; Zhang, L.; Yao, L.; Hu, X.; Xu, L.X. Proteomic Analysis of Two Metabolic Proteins with Potential to Translocate
to Plasma Membrane Associated with Tumor Metastasis Development and Drug Targets. J. Proteome Res. 2013, 12, 1754–1763.
[CrossRef] [PubMed]

85. Qiu, T.; Cao, J.; Chen, W.; Wang, J.; Wang, Y.; Zhao, L.; Liu, M.; He, L.; Wu, G.; Li, H.; et al. 24-Dehydrocholesterol reductase
promotes the growth of breast cancer stem-like cells through the Hedgehog pathway. Cancer Sci. 2020, 111, 3653–3664. [CrossRef]
[PubMed]

86. Wu, J.; Guo, L.; Qiu, X.; Ren, Y.; Li, F.; Cui, W.; Song, S. Genkwadaphnin inhibits growth and invasion in hepatocellular carcinoma
by blocking DHCR24-mediated cholesterol biosynthesis and lipid rafts formation. Br. J. Cancer 2020, 123, 1673–1685. [CrossRef]

87. Liu, X.-P.; Yin, X.-H.; Meng, X.-Y.; Yan, X.-H.; Cao, Y.; Zeng, X.-T.; Wang, X.-H. DHCR24 predicts poor clinicopathological features
of patients with bladder cancer. Medicine 2018, 97, e11830. [CrossRef] [PubMed]

88. Berardi, F.; Abate, C.; Ferorelli, S.; De Robertis, A.F.; Leopoldo, M.; Colabufo, N.A.; Niso, M.; Perrone, R. Novel 4-(4-
Aryl)cyclohexyl-1-(2-pyridyl)piperazines as ∆8−∆7Sterol Isomerase (Emopamil Binding Protein) Selective Ligands with Antipro-
liferative Activity. J. Med. Chem. 2008, 51, 7523–7531. [CrossRef]

89. Villalva, C.; Trempat, P.; Greenland, C.; Thomas, C.; Girard, J.P.; Moebius, F.; Delsol, G.; Brousset, P. Isolation of differentially
expressed genes in NPM-ALK-positive anaplastic large cell lymphoma. Br. J. Haematol. 2002, 118, 791–798. [CrossRef] [PubMed]

90. Theodoropoulos, P.C.; Wang, W.; Budhipramono, A.; Thompson, B.M.; Madhusudhan, N.; Mitsche, M.A.; McDonald, J.G.; De
Brabander, J.K.; Nijhawan, D. A Medicinal Chemistry-Driven Approach Identified the Sterol Isomerase EBP as the Molecular
Target of TASIN Colorectal Cancer Toxins. J. Am. Chem. Soc. 2020, 142, 6128–6138. [CrossRef]

91. Berndt, N.; Hamilton, A.D.; Sebti, S.M. Targeting protein prenylation for cancer therapy. Nat. Rev. Cancer 2011, 11, 775–791.
[CrossRef]

92. Audet-Walsh, É; Vernier, M.; Yee, T.; Laflamme, C.; Li, S.; Chen, Y.; Giguère, V. SREBF1 Activity Is Regulated by an AR/mTOR
Nuclear Axis in Prostate Cancer. Mol. Cancer Res. 2018, 16, 1396–1405. [CrossRef] [PubMed]

93. Wen, Y.-A.; Xiong, X.; Zaytseva, Y.Y.; Napier, D.L.; Vallee, E.; Li, A.T.; Wang, C.; Weiss, H.L.; Evers, B.M.; Gao, T. Downregulation
of SREBP inhibits tumor growth and initiation by altering cellular metabolism in colon cancer. Cell Death Dis. 2018, 9, 1–14.
[CrossRef] [PubMed]

94. Vellingiri, B.; Iyer, M.; Subramaniam, M.D.; Jayaramayya, K.; Siama, Z.; Giridharan, B.; Narayanasamy, A.; Dayem, A.A.; Cho,
S.-G. Understanding the Role of the Transcription Factor Sp1 in Ovarian Cancer: From Theory to Practice. Int. J. Mol. Sci. 2020,
21, 1153. [CrossRef]

95. Benatti, P.; Chiaramonte, M.L.; Lorenzo, M.; Hartley, J.A.; Hochhauser, D.; Gnesutta, N.; Mantovani, R.; Imbriano, C.; Dolfini, D.
NF-Y activates genes of metabolic pathways altered in cancer cells. Oncotarget 2015, 7, 1633–1650. [CrossRef]

96. Codini, M.; Garcia-Gil, M.; Albi, E. Cholesterol and Sphingolipid Enriched Lipid Rafts as Therapeutic Targets in Cancer. Int. J.
Mol. Sci. 2021, 22, 726. [CrossRef]

97. Vieira, A.; Schmitt, F. An Update on Breast Cancer Multigene Prognostic Tests—Emergent Clinical Biomarkers. Front. Med. 2018,
5, 248. [CrossRef] [PubMed]

98. A Drabkin, H.; Gemmill, R.M. Cholesterol and the development of clear-cell renal carcinoma. Curr. Opin. Pharmacol. 2012, 12,
742–750. [CrossRef] [PubMed]

99. Sundelin, J.P.; Ståhlman, M.; Lundqvist, A.; Levin, M.; Parini, P.; Johansson, M.E.; Borén, J. Increased Expression of the Very
Low-Density Lipoprotein Receptor Mediates Lipid Accumulation in Clear-Cell Renal Cell Carcinoma. PLoS ONE 2012, 7, e48694.
[CrossRef] [PubMed]

100. Kim, J.; Thompson, B.; Han, S.; Lotan, Y.; McDonald, J.G.; Ye, J. Uptake of HDL-cholesterol contributes to lipid accumulation in
clear cell renal cell carcinoma. Biochim. Biophys. Acta BBA Mol. Cell Biol. Lipids 2019, 1864, 158525. [CrossRef]

101. Porta-Pardo, E.; Garcia-Alonso, L.; Hrabe, T.; Dopazo, J.; Godzik, A. A Pan-Cancer Catalogue of Cancer Driver Protein Interaction
Interfaces. PLoS Comput. Biol. 2015, 11, e1004518. [CrossRef]

102. Loh, K.; Tam, S.; Murray-Segal, L.; Huynh, K.; Meikle, P.; Scott, J.; Van Denderen, B.; Chen, Z.; Steel, R.; Leblond, N.D.;
et al. Inhibition of Adenosine Monophosphate-Activated Protein Kinase-3-Hydroxy-3-Methylglutaryl Coenzyme A Reductase
Signaling Leads to Hypercholesterolemia and Promotes Hepatic Steatosis and Insulin Resistance. Hepatol. Commun. 2018, 3,
84–98. [CrossRef] [PubMed]

103. Zhang, X.; Song, Y.; Feng, M.; Zhou, X.; Lu, Y.; Gao, L.; Yu, C.; Jiang, X.; Zhao, J. Thyroid-stimulating hormone decreases
HMG-CoA reductase phosphorylation via AMP-activated protein kinase in the liver. J. Lipid Res. 2015, 56, 963–971. [CrossRef]

104. Wang, Z.; Wang, N.; Liu, P.; Xie, X. AMPK and Cancer. Exp. Suppl. 2016, 107, 203–226. [CrossRef] [PubMed]
105. Ching, Y.P.; Kobayashi, T.; Tamura, S.; Hardie, D.G. Specificity of different isoforms of protein phosphatase-2A and protein

phosphatase-2C studied using site-directed mutagenesis of HMG-CoA reductase. FEBS Lett. 1997, 411, 265–268. [CrossRef]
106. Wei, H.; Zhang, H.-L.; Xie, J.-Z.; Meng, D.-L.; Wang, X.-C.; Ke, D.; Zeng, J.; Liu, R. Protein Phosphatase 2A as a Drug Target in the

Treatment of Cancer and Alzheimer’s Disease. Curr. Med Sci. 2020, 40, 1–8. [CrossRef]

http://doi.org/10.1002/jcla.23652
http://www.ncbi.nlm.nih.gov/pubmed/33219617
http://doi.org/10.1021/pr301100r
http://www.ncbi.nlm.nih.gov/pubmed/23445495
http://doi.org/10.1111/cas.14587
http://www.ncbi.nlm.nih.gov/pubmed/32713162
http://doi.org/10.1038/s41416-020-01085-z
http://doi.org/10.1097/MD.0000000000011830
http://www.ncbi.nlm.nih.gov/pubmed/30278482
http://doi.org/10.1021/jm800965b
http://doi.org/10.1046/j.1365-2141.2002.03671.x
http://www.ncbi.nlm.nih.gov/pubmed/12181047
http://doi.org/10.1021/jacs.9b13407
http://doi.org/10.1038/nrc3151
http://doi.org/10.1158/1541-7786.MCR-17-0410
http://www.ncbi.nlm.nih.gov/pubmed/29784665
http://doi.org/10.1038/s41419-018-0330-6
http://www.ncbi.nlm.nih.gov/pubmed/29449559
http://doi.org/10.3390/ijms21031153
http://doi.org/10.18632/oncotarget.6453
http://doi.org/10.3390/ijms22020726
http://doi.org/10.3389/fmed.2018.00248
http://www.ncbi.nlm.nih.gov/pubmed/30234119
http://doi.org/10.1016/j.coph.2012.08.002
http://www.ncbi.nlm.nih.gov/pubmed/22939900
http://doi.org/10.1371/journal.pone.0048694
http://www.ncbi.nlm.nih.gov/pubmed/23185271
http://doi.org/10.1016/j.bbalip.2019.158525
http://doi.org/10.1371/journal.pcbi.1004518
http://doi.org/10.1002/hep4.1279
http://www.ncbi.nlm.nih.gov/pubmed/30619997
http://doi.org/10.1194/jlr.M047654
http://doi.org/10.1007/978-3-319-43589-3_9
http://www.ncbi.nlm.nih.gov/pubmed/27812982
http://doi.org/10.1016/S0014-5793(97)00712-6
http://doi.org/10.1007/s11596-020-2140-1


Biomedicines 2021, 9, 895 25 of 28

107. Moriyama, T.; Wada, M.; Urade, R.; Kito, M.; Katunuma, N.; Ogawa, T.; Simoni, R.D. 3-Hydroxy-3-methylglutaryl Coenzyme A
Reductase Is Sterol-Dependently Cleaved by Cathepsin L-Type Cysteine Protease in the Isolated Endoplasmic Reticulum. Arch.
Biochem. Biophys. 2001, 386, 205–212. [CrossRef] [PubMed]

108. Jiang, L.-Y.; Jiang, W.; Tian, N.; Xiong, Y.-N.; Liu, J.; Wei, J.; Wu, K.-Y.; Luo, J.; Shi, X.-J.; Song, B.-L. Ring finger protein 145
(RNF145) is a ubiquitin ligase for sterol-induced degradation of HMG-CoA reductase. J. Biol. Chem. 2018, 293, 4047–4055.
[CrossRef] [PubMed]

109. Song, B.-L.; Sever, N.; DeBose-Boyd, R.A. Gp78, a Membrane-Anchored Ubiquitin Ligase, Associates with Insig-1 and Couples
Sterol-Regulated Ubiquitination to Degradation of HMG CoA Reductase. Mol. Cell 2005, 19, 829–840. [CrossRef] [PubMed]

110. Lu, X.-Y.; Shi, X.-J.; Hu, A.; Wang, J.-Q.; Ding, Y.; Jiang, W.; Sun, M.; Zhao, X.; Luo, J.; Qi, W.; et al. Feeding induces cholesterol
biosynthesis via the mTORC1–USP20–HMGCR axis. Nat. Cell Biol. 2020, 588, 479–484. [CrossRef] [PubMed]

111. Adam, C.; Glück, L.; Ebert, R.; Goebeler, M.; Jakob, F.; Schmidt, M. The MEK5/ERK5 mitogen-activated protein kinase cascade is
an effector pathway of bone-sustaining bisphosphonates that regulates osteogenic differentiation and mineralization. Bone 2018,
111, 49–58. [CrossRef] [PubMed]

112. Loregger, A.; Cook, E.C.L.; Nelson, J.K.; Moeton, M.; Sharpe, L.; Engberg, S.; Karimova, M.; Lambert, G.; Brown, A.J.; Zelcer, N. A
MARCH6 and IDOL E3 Ubiquitin Ligase Circuit Uncouples Cholesterol Synthesis from Lipoprotein Uptake in Hepatocytes. Mol.
Cell. Biol. 2016, 36, 285–294. [CrossRef] [PubMed]

113. Tan, J.M.; Van Der Stoel, M.M.; Berg, M.V.D.; Van Loon, N.M.; Moeton, M.; Scholl, E.; Van Der Wel, N.N.; Kovačević, I.; Hordijk,
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