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Abstract
Objectives  Colorectal cancer (CRC) is one of the most common solid tumors worldwide, but its diagnosis and treatment are 
limited. The objectives of our study were to compare the metabolic differences between CRC patients and healthy controls 
(HC), and to identify potential biomarkers in the serum that can be used for early diagnosis and as effective therapeutic 
targets. The aim was to provide a new direction for CRC predictive, preventive, and personalized medicine (PPPM).
Methods  In this study, CRC patients (n = 30) and HC (n = 30) were recruited. Serum metabolites were assayed using an 
ultra-performance liquid chromatography coupled with quadrupole time-of-flight mass spectrometry (UPLC-Q-TOF/MS) 
technology. Subsequently, CRC cell lines (HCT116 and HCT8) were treated with metabolites to verify their function. Key 
targets were identified by molecular docking, thermal shift assay, and protein overexpression/inhibition experiments. The 
inhibitory effect of celastrol on tumor growth was also assessed, which included IC50 analysis, nude mice xenografting, 
molecular docking, protein overexpression/inhibition experiments, and network pharmacology technology.
Results  In the CRC group, 15 serum metabolites were significantly different in comparison with the HC group. The level of 
glycodeoxycholic acid (GDCA) was positively correlated with CRC and showed high sensitivity and specificity for the clinical 
diagnostic reference (AUC = 0.825). In vitro findings showed that GDCA promoted the proliferation and migration of CRC cell 
lines (HCT116 and HCT8), and Poly(ADP-ribose) polymerase-1 (PARP-1) was identified as one of the key targets of GDCA. The 
IC50 of celastrol in HCT116 cells was 121.1 nM, and the anticancer effect of celastrol was supported by in vivo experiments. Based 
on the potential of GDCA in PPPM, PARP-1 was found to be significantly correlated with the anticancer functions of celastrol.
Conclusion  These findings suggest that GDCA is an abnormally produced metabolite of CRC, which may provide an innovative 
molecular biomarker for the predictive identification and targeted prevention of CRC. In addition, PARP-1 was found to be an impor-
tant target of GDCA that promotes CRC; therefore, celastrol may be a potential targeted therapy for CRC via its effects on PARP-1. 
Taken together, the pathophysiology and progress of tumor molecules mediated by changes in metabolite content provide a new 
perspective for predictive, preventive, and personalized medical of clinical cancer patients based on the target of metabolites in vivo.
Clinical trials registration number: ChiCTR2000039410.
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OPLS-DA	� Orthogonal partial least squares discriminant 
analysis

ROC	� Receiver operating characteristic
KEGG	� Kyoto Encyclopedia of Genes and Genomes
GO	� Gene Ontology

Introduction

CRC is a global challenge in healthcare

Cancer can occur in almost any organ or tissue of the 
human body, and its mortality and incidence rate are 
increasing yearly. According to the latest World Cancer 
Report (2020) of the World Health Organization (WHO), 
the number of global cancer cases could increase by 60% 
in the next two decades [1]. Globally, it is estimated that 
in 2018, 880,792 people died of colorectal cancer (CRC) 
and 1.85 million CRC cases were diagnosed [2]. CRC 
is a progressive disease caused by hereditary factors 
and unhealthy lifestyles; for instance, obesity, poor diet, 
lack of exercise, alcohol, and smoking are risk factors 
for CRC [3–5].

The relevance of predictive, preventive, 
and personalized medicine (PPPM) for the current 
study

Cancer is a disease with high mortality rates, and the 
occurrence and development of cancer are complicated 
processes. CRC is the third most common cause of can-
cer mortality worldwide. There are great differences in 
patients’ clinical results and treatment responses, and 
the use of standard treatment options is still limited [6]. 
During the development of PPPM, more cancer-related 
screening and diagnostic technologies, predictive mark-
ers, and treatment outcome have been proposed, leading 
to implementation personalized medicine and better drug 
development solutions, and then improved the efficiency 
of patient management [7]. Therefore, these preventive 
and predictive treatment methods will become the focus 
of anticancer and promote the overall management of 
cancer, so as to facilitate the provision of accurate and 
personalized medicine for patients in the future [2, 8]. 
The rapid development of “omics” technology has pur-
sued the research and development of cancer mechanisms; 
this technology can provide accurate screening markers 
through multi-parameter systematic strategy, rapidly find 
and accurately diagnose each cancer type, and accurately 
and effectively predict and prevent cancer [7, 9]. In addi-
tion, it clarifies the complex pathogenesis of cancer from 
different levels of molecules (DNA, RNA, protein, and 

metabolite), and provide personalized medicine at differ-
ent omics levels, and truly apply PPPM to cancer research 
[10].

Metabolomics is a tool for prediction and targeted 
treatment of CRC​

At present, surgical resection, radiotherapy, and chemotherapy 
are the most common treatment options for CRC. The accuracy 
of screen test for CRC varies depending on the tumor site. 
For instance, colonoscopy, sigmoidoscopy, fecal occult blood 
test, fecal DNA, and CT colonography have certain limita-
tions regarding sensitivity, specificity, invasiveness, or specific 
preparations [11–13]. Predictive markers, such as CEA, BRAF, 
DPYD, KRAS, and other genes that serve as CRC tumor bio-
markers, are insufficient screening markers for CRC [7].

Metabolomics, a new omics discipline in systems biol-
ogy, can provide information on changes caused by envi-
ronmental factors, genetic variation and regulation, intes-
tinal microbiota, and enzyme activity [14–16]. Metabolic 
changes are some of the most important characteristics of 
tumor cells; therefore, metabolomics can be used to study 
changes in tumor markers [17–19]. At present, commonly 
used CRC biomarkers are derived from tumors, blood, 
urine, and feces, and can act as prognostic, predictive, 
and diagnostic markers for different disease states, point 
to the potential molecular mechanisms of the disease, and 
lead to the development of new therapeutic targets and 
methods [20]. Yachida et al. [21] detected CRC metabo-
lites by fecal metabolomics analysis. This study included 
406 subjects and monitored branched-chain amino acids 
and phenylalanine levels, which increased significantly 
in intramucosal carcinoma; their findings also showed 
that deoxycholate increased in multiple polypoid adeno-
mas and intramucosal carcinoma. Ma et al. [22] detected 
24 metabolites related to CRC stage via serum metabo-
lomics and found that the serum level of benzoic acid 
was negatively correlated with CRC stage; benzoic acid 
also showed excellent diagnostic ability in the discovery 
cohort. A serum metabolomics study by Wu et al. [23] 
showed that succinic acid is a cancer progression fac-
tor that polarizes macrophages into tumor-related mac-
rophages via succinic acid receptor signal transduction 
to promote tumor progression and metastasis. Together, 
these studies show that metabolomics is a rapid, accurate, 
and noninvasive method. Metabolites are closely related 
to biological phenotypes. Tumor metabolites reflect the 
chemicals existing in the tumor itself, which is helpful 
to understand the pathological process of cancer. It is of 
great significance for early diagnosis, prognosis diagno-
sis and treatment guidance, and monitoring of recurrence 
and metastasis. In addition, tumor metabolites can help 
to provide personalized medicine for patients and have a 
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potential role in the discovery of new therapeutic targets/
drugs.

Personalization of medical services in CRC 
management

Many bioactive compounds have been found during the 
clinical use of traditional medicinal plants [24]. These 
naturally occurring compounds have attracted great 
attention recently because of their high safety, target-
ing ability, and involvement in key signaling pathways 
[25]. Phytochemicals have become a hot topic in cancer 
research because of their anticancer activity. Phytochem-
icals play a significant role in antioxidant activity, car-
cinogen detoxification, and DNA repair, and can enhance 
the effects of chemotherapy and influence survival rate 
[24]. For example, flavonoids exist within traditional 
Chinese medicine and can be used as anticancer agents 
via their functions in inhibiting the Warburg effect, 
which is mediated by the regulation of specific enzymes 
involved in aerobic glycolysis and transporters required 
for glucose uptake [26]. Apigenin (AP) can inhibit the 
epithelial–mesenchymal transition of colon cancer cells 
via the NF-kB/Snail signaling pathway [27]. Addition-
ally, AP is regarded as a potential allosteric inhibitor of 
PKM2, thereby affecting glycolysis [28]. Celastrol can 
inhibit CRC cell growth by promoting β-catenin degra-
dation via the HSF1-LKB1-AMPKα-YAP pathway [29]. 
In addition, celastrol combined with tumor necrosis 
factor-related apoptosis-inducing ligand (TRAIL/Apo-
2L) exhibits significant synergistic anticancer activities 
[30]. In conclusion, natural substances demonstrate great 
potential for CRC personalized medicine.

Methods

Chemicals and reagents

Chemicals used for UPLC‑Q‑TOF/MS

Analytical grade acetonitrile (Merck, Germany), formic acid 
(Thermo Fisher, America), methanol (Oceanpak, Sweden), 
purified water (Watsons, China) UPLC-Q-TOF/MS analysis.

Reagents used for cell experiments

Antibody against PARP-1(1:10,000 times dilution) (catalog 
number: 13389) was from Proteintech Group. RPMI 1640 
medium (with glutamine) was purchased from Gibco (cata-
log number: No. 8120357). The CRC cell lines (HCT116 
and HCT8) and human normal colorectal mucosal cells 
(FHC) were purchased from BeNa Culture Collection. Both 

cells were cultured in an RPMI-1640 (with L-glutamine) 
medium with 10% fetal bovine serum (FBS, catalog num-
ber: QT08773) and maintained with 5% CO2 atmosphere 
at 37 ℃.

Sample preparation and metabolomics assay

Participants

Colorectal cancer patients were enrolled from the second 
hospital of Tianjin Medical University, Tianjin, China, 
and healthy individuals (healthy controls, HC group) 
were recruited from the same hospital from 2019 to 
2020. The inclusion criteria for the CRC group were age 
between 30 and 80 years and diagnosis by pathological 
tissue biopsy. The HC group were participants who were 
systemically healthy without the gastrointestinal disease. 
In total, 60 subjects were enrolled in this study, including 
30 CRC patients and 30 age- and sex-matched healthy 
individuals in the disease (Table 1). Ethical approval was 
obtained from the Research Ethics Committee of the sec-
ond hospital of Tianjin Medical University (approval No. 
KY2019K144).

Sample preparation

Peripheral blood was collected in vacutainer tubes from all 
participants. The blood samples were congealed at room 
temperature for not more than 1 h and centrifuged for 15 min 
at 4000 rpm at 4 ℃. The serum was split charging in clean 
cryogenic vials and stored in − 80℃. For metabolite extrac-
tion from serum, 100 μL of sample was mixed with 400 μL 
of extraction solution. The mixture was vortexed for 1 min 
and sonicated for 10 min in an ice-water bath, following cen-
trifuged at 14,000 rpm for 15 min at 4 ℃ and finally, dried 
with nitrogen, and re-dissolved in methanol: water (50:50, 
V/V). The QC sample contains all sample information for 
testing.

Table 1   Information of the study participants

CRC​ NC

Gender Female Male Female Male

Age
(years)

Mean 63.89 62.48 64.33 62.86
Range 42–80 47–75 48–80 44–77

Number 30 9 21 9 21
Stage I 2 11

II 4 1
III 1 3
IV 2 6
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UPLC conditions

Serum metabolomics analysis was performed using a UPLC-
Q-TOF/MS System (Waters, USA) coupled with a UPLC 
Waters ACQUITY UPLC BEH C18 (2.1 mm × 100 mm, 
1.7 μM). Mobile phase A consisted of 0.1% formic acid in 
water and mobile phase B was 0.1% formic acid in methanol. 
The elution gradient was set as follows: 0–0.5 min, 3% B; 
0.5–7.5 min, 3–80% B; 7.5–8 min, 80–98% B; 8–13 min, 
98% B; 13–13.5 min, 98–100%B; 13.5–17 min, 100%B; 
17–18 min, 100–3%B; 18–25 min, 3%B. The flow rate 
was 0.35 mL/min, and the injected volume was 5 μL. Mass 
spectrometer (MS) was performed on a Waters Micro mass 
Q/TOF micro Synapt High Definition Mass Spectrometer. 
Electrospray ionization source was used for mass spectro-
metric detection in negative mode, and the m/z range was set 
to 50–1000 with a mass window of 0.05 Da.

Data processing

For the metabolomics analysis, MS raw data files were con-
verted to mzXML format using MassLynx V4.1 software 
and processed with R software for peak detection, extrac-
tion, alignment, and integration. The missing values in the 
raw data were filled by average value. Additionally, the 
overall normalization method was used for data analysis. 
To test the instrument precision, method repeatability, and 
sample stability, the relative standard derivation (RSD) 
of the peaks in the QC samples < 30% account for more 
than 80% was qualified. The multivariate analysis, princi-
pal component analysis (PCA), and orthogonal projections 
to latent structures analysis (OPLS-DA) were performed 
using SIMCA-P software (version 14.1). According to the 
variable importance in the projection (VIP) obtained in 
the OPLS-DA analysis, the candidate biomarkers of dif-
ference were preliminarily screened. The metabolites with 
VIP > 1 and p < 0.05 in the t-test were considered signifi-
cantly different. Moreover, the OPLS-DA model quality was 
evaluated with standard parameters (R2Y and Q2) by 200 
permutations. The m/z value is used to retrieve candidate 
metabolites in HMDB database (http:www.​hmdb.​ca/) and 
confirm metabolites through MS/MS analysis and literature.

In order to visualize the diagnostic performance of metab-
olites, we further drew heat map, cluster analytic hierarchy 
process, and receiver operating characteristic curve (ROC 
curve).

In vitro experiment

Cell proliferation assay

The HCT116, HCT8, and FHC cells were seeded in 6-well plates 
(2000 cell/well) and treated with GDCA (0 μM, 2 μM, 5 μM, 

and 10 μM). The HCT116 cell was seeded in 96-well plates 
(2000 cell/well) and treated with celastrol (0 nM, 10 nM, 20 nM, 
50 nM, 100 nM, 200 nM, 500 nM, and 1000 nM). Relative cell 
proliferation was determined by cell counting at 4 days after 
being seeded and the percentage cell proliferation of the control.

Colony formation assay

HCT116 cells were plated into a 6-well plate incubated with 
GDCA (0 μM, 10 μM). We renew the GDCA containing 
medium every 3 days. Following 14 days of incubation, colo-
nies were fixed with methanol solution and stained with 0.5% 
crystal violet aqueous. Cells were subsequently washed with 
PBS, dried, imaged, and counted the number of colonies.

Wound healing assay

Wound healing assay was used to detect the ability of CRC 
migration. The HCT116 cell was seeded in 6-well plates. 
When cells were grown to approximately 90% confluency, 
an artificial wound was created with a 200-μL pipette tip, 
and then treated with metabolite (0 μM, 10 μM) for 24 h. 
The cells were then cultured in fresh medium without FBS. 
To visualize wound healing, measured the gap distance of 
the wound on day 0 and after 24 h using Image-J software.

Identification of key targets

Network Pharmacology

First, the metabolite and celastrol structure were obtained in 
PubChem database (https://​pubch​em.​ncbi.​nlm.​nih.​gov). The 
PharmMapper database (http://​www.​lilab-​ecust.​cn/​pharm​
mapper/) and STP database (http://​www.​swiss​targe​tpred​
iction.​ch) were used to target prediction by the metabolite 
and celastrol structure. The targets of CRC were obtained in 
the CTD database (http://​ctdba​se.​org/). The celastrol target 
and CRC-related gene set was used to construct PPI network 
by using STRING database (https://​string-​db.​org/). The PPI 
network from STRING was then imported into Cytoscape 
3.7.2 to construct a compound‐target-disease network. The 
David database (https://​david.​ncifc​rf.​gov) and Metascape 
database (http://​metas​cape.​org/) were used to performed 
enrichment analysis, including gene ontology (GO) and 
Kyoto Encyclopedia of Genes and Genomes (KEGG) path-
way analysis. Potential personalized treatment mechanisms 
are revealed from biological processes (BP), cellular com-
ponents (CC), molecular functions (MF), and key pathways.

Molecular docking

The receptor protein coded by the selected gene was 
searched in the UniProt database (https://​www.​unipr​ot.​org/), 
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and the 3D structure of the protein was downloaded at RCSB 
PDB database (https://​www.​rcsb.​org/). BIOVIA Discovery 
Studio 2017 R2 (DS) software performed the dehydration 
of the receptor protein, and exported the 3D structure by 
minimizing energy. Finally, dock the receptor protein with 
the small molecule ligands by CDOCKER semi-flexible.

In vitro thermal shift assay

GDCA and cell protein extract were incubated on ice in 
PCR tube for 30 min (compared with dimethyl sulfoxide), 
then transferred to PCR machine, heated at 34.9 to 73 ℃ 
for 3 min, and cooled at room temperature for 20 min. This 
was followed by 14,000 rpm at 4℃ for 20 min in order to 
separate the soluble fraction from the pellet. Finally, the 
supernatant was transferred to a new tube and analyzed by 
SDS-PAGE and Western blot. In order to better match the 
combination of protein and metabolites in vivo, the same 
concentration of metabolites was applied to cells for 24 h. 
Based on the previous experimental results, the cell protein 
extract was treated with the same treatment method from the 
temperature of 60.9 to 76.2 ℃.

shRNA‑mediated gene silencing and viral infection

The shRNA plasmids targeting PARP-1 were purchased 
from Transheep Biological Corporation. To establish sta-
ble knockdown cells, the HEK293T cells were transfected 
with lentiviral shRNA constructs plus with viral packaging 
plasmids (psPAX2 and pMD2.G). The viral supernatant was 
collected and filtered through 0.45 μM filter after 3 days 
transfection. Then, the HCT116 cells were transduced by 
lentivirus and selected with 2 μg/mL puromycin. The knock-
down efficacy was determined by western blot analysis.

Overexpression of PARP‑1 in HCT116 cells

Flag-PARP1 plasmid was purchased from Hunan Fenghui 
Biotechnology Corporation. For transient transfections, 
cells were grown to 80% confluency and transfected with 
plasmids using Polyethylenimine (PEI) Transfection Rea-
gent (Polysciences, USA) according to the manufacturer’s 
protocol.

Tumor formation in nude mice

All animal care and experimental procedures were carried 
out in accordance with the recommendation of the Ani-
mal Care Ethics and Use Committee of Nankai University 
and approved by this Committee. Five-week-old BALB/c 
nude female mice were purchased from Vital River Labo-
ratories (Beijing, China). Mice were housed at a constant 
room temperature with a 12:12 h light/dark cycle and fed 

a standard rodent diet and given water ad lib. Mice were 
randomly divided into two experimental groups (n = 7): con-
trol (NC) and celastrol treatment groups (celastrol group). 
HCT116 cells were injected subcutaneously into the right 
flank of all mice at 1 × 107 cells in PBS. After day 16 of cell 
injection, treatment of mice with celastrol at 3 mg/kg by 
intraperitoneal injection was started. Control mice received 
PBS vehicle control. Tumor volumes were determined by 
measuring length (L) and width (W) and calculating volume 
(V = 0.5 × L × W2) at the indicated time points. Treatments 
were maintained for 15 days. Mice were sacrificed, and 
tumor tissues were removed, weighed, and photographed.

Statistical analysis

The data were analyzed by SPSS software (ver. 25.0). Sta-
tistical analysis was performed with a t-test or one-way 
ANOVA. Data were presented as mean ± standard devia-
tion. Error bars indicate ± SD. *p < 0.05, **p < 0.001, 
***p < 0.0001.

Results

Changes of differential metabolites in CRC patients

In methodology study, the established method has good 
reproducibility, the sample is stable within 48 h, and the 
instrument precision is good, which can be used for subse-
quent metabolomics experiments. In the negative ionization 
mode, the base peak intensity chromatogram of serum in 
the QC sample is shown in SFig. 1. Multivariate statistical 
analysis (PCA and OPLS-DA) was performed to compre-
hensively evaluate the metabolic spectrum of CRC. PCA 
(Fig. 1A) is used to evaluate the reproducibility of data and 
eliminate outlier samples, but the plot of PCA shows that 
the inter-group differences of samples cannot be well dis-
tinguished. Then, the OPLS-DA model (Fig. 1B) was con-
structed, R2Y = 0.736 and Q2 = 0.493, demonstrating that 
the model was no overfitting (Fig. 1C). The S-load diagram 
(Fig. 1D) shows that the metabolites contribute greatly to 
the differentiation between groups, and the farther away 
from the distant point, the greater the VIP value. Finally, 
15 differential metabolites (Table 2) were screened, includ-
ing 9 downregulated and 6 upregulated (Spectrum fragment 
information in STable 1).

Glycodeoxycholic acid (GDCA) has a significant 
effect on the development of colorectal cancer

The heatmap was used to classify the upregulated and 
downregulated differential metabolites in patients with 
CRC (Fig. 2A). Correlation analysis (Fig. 2B) is helpful 
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to explore the relationship between metabolites, and lay a 
foundation for subsequent metabolic pathway analysis. The 

results show that (R)-3-Hydroxy-hexadecanoic acid, prenyl 
glucoside, chorismate, and GDCA had a certain correlation; 

B

DC

A

Fig. 1   Non-targeted metabolomics profiling analysis for human serum. A PCA score plot; B OPLS-DA score plot; C permutation test (n = 200) 
of the OPLS-DA model; D validation plots

Table 2   15 differential metabolite information

(**: p < 0.01; ↓, down-regulation; ↑, upregulation)

Compound TR (min) m/z Molecular Formula m/z Obsd ppm Trend Fold change

N(2)-phenylacetyl-L-glutaminate 4.6561 263.1029 C13H16N2O4 263.1032 1.14 ↓** 0.77
Phosphoribosyl formamidocarboxamide 4.6956 411.0549 C10H15N4O9P 411.0553 0.97 ↓** 0.79
Chorismate 5.6357 225.0397 C10H10O6 225.0399 0.89 ↑** 1.44
Prenyl glucoside 5.7165 165.0544 C11H20O6 247.1182 1.62 ↑** 2.09
Desaminotyrosine 5.6951 247.1178 C9H10O3 165.0552 4.85 ↓** 0.23
Indolelactic acid 5.794 204.0646 C11H11NO3 204.0661 7.35 ↓** 0.76
2-hydroxy-3-(2,3,4-trimethoxyphenyl)

propanoic acid
6.3562 255.0863 C12H16O6 255.0869 2.35 ↑** 1.06

3-Hydroxyanthranilic acid 7.1356 152.034 C7H7NO3 152.0348 5.26 ↓** 0.64
Glycodeoxycholic acid 9.4667 448.3063 C26H43NO5 448.3063 0 ↑** 1.34
LysoPE(18:1(9Z)/0:0) 10.3918 478.2929 C23H46NO7P 478.2934 1.04 ↓** 0.80
(R)-3-Hydroxy-hexadecanoic acid 10.4043 271.2272 C16H32O3 271.2273 0.37 ↑** 1.39
LysoPC(20:2(11Z,14Z)/0:0) 10.4742 592.3606 C28H54NO7P 592.3614 1.35 ↓** 0.82
Dihomolinoleic acid 10.6535 279.2319 C18H32O2 279.2324 1.79 ↓** 0.84
Calcidiol 10.8594 445.3313 C27H44O2 445.3318 1.12 ↑** 1.60
Glyceraldehyde 3-phosphate 10.9793 168.9895 C3H7O6P 168.9902 4.14 ↓** 0.69
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glycerophospholipids were associated with dihomolinoleic 
acid. Additionally, a KEGG pathway analysis (Fig. 2C) 
was performed to explore the enriched metabolic pathways 
associated with CRC initiation and progression. The results 
showed that the main pathways involved were amino acid 
metabolism, bile acid metabolism, fatty acid biosynthesis 
pathway, purine metabolism, glycolysis/gluconeogenesis, 
and glycerol phospholipid metabolism. To assess the clini-
cal diagnostic ability of the metabolites, the area under curve 
(AUC) (Fig. 3) was employed to identify 15 metabolites of 
serum. Among them, the AUC of GDCA reached 0.825, 
despite its content change was not the highest in the 15 
metabolites. Meanwhile, recent studies have reported that 
bile acid metabolism is a risk factor in the occurrence and 
progression of CRC, especially the secondary bile acid pro-
duced by microorganisms can promote the occurrence and 
development of intestinal tumors [31–33]. Kühn Tilman 
et al. [34] have shown that GDCA is highly expressed in 

CRC, and secondary bile acids contribute to colorectal can-
cer promotion, but the mechanism has not been elucidated.

GDCA can promote the proliferation of colorectal 
cancer cells

According to the results of metabolomics, GDCA may 
play a promoting role in the occurrence and development 
of colorectal cancer. In order to verify this hypothesis, a 
series of in vitro experiments were carried out. Firstly, 
the effect of GDCA on tumorigenesis was measured 
with cell proliferation assay after GDCA (0 μM, 2 μM, 
5 μM, 10 μM) treatment in HCT116, HCT8, and FHC 
cells. Cell proliferation assay observed that GDCA pro-
motes cell proliferation of HCT116 (Fig. 4A) and HCT8 
(Fig. 4B) cells in concentration of 5 μM and 10 μM; 
however, GDCA had no effect on FHC cell viability 
(SFig 2). To identify the impact of GDCA on basic cell 
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properties, we performed a colony formation assay and 
wound healing assay in the HCT116 cell line. The col-
ony formation assay evaluates the effect of GDCA on 
colony formation of the HCT116 cells. Ten micrometers 

of GDCA strongly promotes clonogenicity of HCT116 
cells (Fig. 4C). Furthermore, wound healing assay found 
that GDCA significantly promoted cell migration of 
cells HCT116 in a concentration of 10 μM (Fig. 4D). 

Fig. 3   ROC curve of 15 differ-
ential metabolites for distin-
guishing the CRC group from 
the healthy group

Fig. 4   GDCA can promote the proliferation of CRC cells. A–B 
GDCA promotes CRC cell lines (HCT116 and HCT8) proliferation; 
C–D GDCA strongly promotes clonogenicity of HCT116 cells; E 

GDCA promoted cell migration of HCT116 cell line. Three inde-
pendent experiments were conducted for each assay (*p < 0.05, 
**p < 0.01, ***p < 0.001)
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These results suggest that GDCA contributes to the pro-
liferation of CRC cells and plays a significant role in the 
progression of CRC.

PARP‑1 may be a key target for GDCA to promote 
the proliferation of CRC cells

To develop the mechanism of GDCA on CRC cell pro-
liferation promotion, the key targets of GDCA were 
screened by network pharmacology technology (GDCA 
and CRC targets information in STable 2). By taking an 
intersection of the GDCA targets and CRC-related genes, 
the 7 common targets were finally obtained (Fig. 5A), 
which are PARP-1, AKT1, PPARG, EGFR, ADH1B, 
BMP2, and SRC. The common targets conducted molecu-
lar docking with GDCA, to screen the targets that can pro-
duce the best binding mode with GDCA. Subsequently, 
molecular docking results indicated that GDCA could 
easily enter and bind to the active pocket of the PARP-1 
protein (PDB:5DS3) as shown in Fig. 5B. At the same 
time, Nosho K et al. [35] found that mRNA overexpres-
sion of PARP-1 was detected in 64 (70.3%) of 91 CRC 

tumors. Other studies have shown that the differential 
expression of PARP-1 in CRC is 1.08 to 1.28 fold [36].

The docking results are analyzed as follows: oxygen 
atoms interact with amino acid residues Ser904, Phe897, 
and His862 to form carbon-hydrogen bonds. The com-
pound also forms a hydrophobic interaction with residues 
Ala898, Ser864, Asn868, Leu877, and ILe895, etc., and 
the hydrophobic interaction and π-π stacking interaction 
provide a strong van der Waals force for the compound. 
Oxygen atoms are easy to obtain electrons, and hydroxyl 
groups are electron-donating, so it is reasonable for 
Gly863, Arg878, and Gly876 to bond with oxygen atoms. 
The C = O group in the compound will also form a hydro-
gen bond with Tyr907 to establish a fourth hydrogen bond 
force. His862 is a weak alkaline and forms an attractive 
group with carboxyl groups. His862, Tyr896, and Arg878 
form Pi-Alkyl with the rings in the compound. At the 
same time, it has been reported that there are three criti-
cal H-bond forces between Gly863 and Ser904, the two 
key amino acid residues in PARP-1 inhibitors, through the 
crystal structure and molecular simulation of PARP-1, so 
we supposed that GDCA binds to PARP-1 to promote the 
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occurrence and development of CRC [37]. The analysis 
of this binding pattern helps to understand the possible 
mechanism of GDCA promoting CRC through PARP-1. 
Based on the above experimental results, it is a hypothesis 
that PARP-1 may be one of the key targets for GDCA to 
promote CRC.

In order to verify the results of molecular docking 
experiment, the thermal shift assay was used to check the 
binding effect of PARP-1 and GDCA. The results showed 
that with the increase of temperature, the unchain tempera-
ture of the GDCA group was higher than that of the control 
group, which indicated that GDCA was directly bound to 
PARP-1 protein (Fig. 5C–F). In addition, we found that 
the PARP1 overexpression cells were sensitive to GDCA 
treatment, whereas PARP1 knockdown cells were resistant 
to GDCA treatment (Fig. 5G, H). Overall, these results 
suggest that GDCA can promote CRC progression by tar-
geting PARP-1.

Celastrol may become a new therapeutic agent 
for CRC​

Celastrol is a main active ingredient derived from the tra-
ditional Chinese medicine Tripterygium wilfordii and has 
potential anticancer activity. The anticancer effect of celas-
trol was measured with cell proliferation assay after celas-
trol (0–1000 nM) treatment in HCT116 cells. The IC50 of 
celastrol was 121.1 nM in HCT116 cells (Fig. 6A). In order 
to explore whether celastrol inhibits CRC through PARP-1, 
we also do molecular docking verification (Fig. 6B) between 
celastrol and PARP-1. Compared with GDCA, most amino 
acid residues have reproducibility. The hydrogen on N atom 
in the imidazolium ring in histidine (His) is easy to leave 
in the form of hydrogen ions, so that celastrol and His909 
form Pi-Anion interaction with the formation of electrostatic 
force. Form a salt bridge with Arg865 and His862. There 
are aromatic rings in amino acid residues His862, Tyr889, 

Fig. 6   Celastrol may become a new therapeutic agent for CRC. A 
The IC50 of celastrol; B molecular docking results of Celastrol with 
PARP-1; C–D sensitivity of PARP-1 overexpression/knockdown 
cells to celastrol treatment; E attenuated tumor growth in celastrol 

treated mice; F–G the overall size and weight of the tumors in nude 
mice. Three independent experiments were conducted for each assay 
(*p < 0.05, **p < 0.01, ***p < 0.001)
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Tyr896, and His909 that interact with celastrol to form Pi-
Alkyl. In addition, both Gly894, Ile895, Leu877, Agr878, 
Ile872, Ala880, and Gly888 formed different degrees of van 
der Waals forces with celastrol. Furthermore, we found that 
the PARP-1 overexpression cells were resistant to GDCA 
treatment, whereas PARP-1 knockdown cells were sensitive 
to GDCA treatment (Fig. 6C, D). Based on these results, 
this study attempted to evaluate the above results in a xeno-
graft mouse model. Remarkably, mice treated with celastrol 
showed attenuated tumor growth compared with untreated 
mice (Fig. 6E). The overall size and weight of the tumors 
in the celastrol-treated groups were obviously lower than 
the model group (Fig. 6F, G). There was no significant dif-
ference in mean body weight between celastrol-treated and 
untreated mice throughout the treatment schedule (SFig 3). 
Collectively, these data indicated that celastrol inhibits CRC 
tumor growth in vitro and in vivo.

Mechanisms of celastrol therapy for CRC​

After discovering that celastrol can treat CRC through 
PARP-1, a target interaction network was constructed by 
network pharmacology technology (Targets information in 
STable 2). There are 66 CRC targets interacting with PARP-
1, which include 13 celastrol targets. Then, visualized the 
target interaction network (Fig. 7A) with 67 nodes and 900 
edges by using Cytoscape 3.7.2 (Nodes information in STa-
ble 3). GO enrichment analysis was used to discover the 
underlying BP, CC, and MF of the 67 target genes. By set-
ting the filter as adjusted p-value cutoff: 0.01, we obtained 
220 significant enriched GO terms. The top 10 terms of 
BP, CC, and MF are illustrated in Fig. 7B. The GO terms 
suggested that these target genes played an essential role in 
apoptotic, DNA damage, and transcription regulation (GO 
terms statistical information in S Table 4). KEGG enrich-
ment analysis was performed to discover those pathways 
enriched by the 67 target genes. The filter was also set as an 
adjusted p-value cutoff: 0.01. A total of 96 KEGG pathways 
were significantly enriched, which showed that these tar-
get genes affected the pathways of cancer, HIF-1 signaling 
pathway and PI3K-Akt signaling pathway, as well as a series 
of important pathological processes such as apoptosis. The 
bubble plot of the most significant 10 KEGG pathways was 
shown in Fig. 7C. The pathways statistics can be acquired 
in the STable 4.

Discussion

PPPM concept in the current study

Due to the lack of special clinical manifestations in early 
stage of CRC, leading to difficulty in diagnosis, the 

incidence rate is increasing year by year [38]. Early screen-
ing can reduce the incidence rate and mortality of CRC 
through early detection and treatment. However, no matter 
what screening methods are used, screening is both cost-
effective and risky [39]. Therefore, it is urgent to find a non-
invasive screening tool with high sensitivity and specificity. 
In addition, during cancer treatment, there are individual 
differences in treatment effect (gene, gender, race, lifestyle, 
environmental factors, etc.), involving each stage of predic-
tion/prevention, early diagnosis/treatment, and late diag-
nosis/treatment [3]. Therefore, it is necessary to carry out 
personalized medical treatment according to the personal 
characteristics of patients in the process of treatment. The 
occurrence of cancer results from the combined action of 
the imbalance of DNA, RNA, protein, and metabolites; the 
multi-omics technology can connect these different levels 
of molecules, which is helpful for researchers to understand 
cancer biology and may contribute to cancer prevention, 
targeted therapy, and drug development [10, 40]. Different 
from other omics, metabolomics can be used as an indica-
tors of physiological or pathological status, by exploring 
the overall changes in the process of tumor occurrence and 
development, clarifying the etiology, screening biomarkers 
that can provide early diagnosis, staging, evaluating curative 
effect and prediction of prognosis, and formulate effective 
personalized medical treatment strategies [10, 41]. There-
fore, through the research of metabolites in cancer and the 
functional analysis of these metabolites, we can fully under-
stand the differences of individual biological systems, poten-
tial therapeutic targets, and chemicals for targeted therapy, 
and promote personalized medicine [7]. This is consistent 
with the goal of cancer PPPM [10].

Achievements in the current study

The results of this study indicate that GDCA can poten-
tially enhance DNA damage repair in cells via its associa-
tion with PARP-1 targets, which can promote CRC pro-
gression. Therefore, PARP-1 may be used as a targeted 
therapy. In addition, this study found that celastrol has a 
role in the multi-dimensional prevention and control of 
CRC via PARP-1. These results demonstrate the ability 
to apply metabolomics in personalized medicine manage-
ment based on PPPM. In this study, a total of 15 differen-
tial metabolites were found that were related to abnormal 
energy metabolism, such as amino acid metabolism, bile 
acid (BA) metabolism and synthesis, purine metabolism, 
glycolysis/gluconeogenesis, and glycerol phospholipid 
metabolism [42–44]. These metabolic pathways are nec-
essary to maintain normal cell function and biological 
survival. Once cancer cells continue to proliferate and 
nutrient supply is insufficient, the content of metabolites 
changes significantly in the process of tumor occurrence 
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and development. Of the measured metabolites, GDCA 
was positively correlated with CRC and had a high clini-
cal diagnostic effect; therefore, GDCA could act as a bio-
marker for the prediction and diagnosis of CRC. Since 
the actual tumor-promoting effect of deoxycholic acid in 
1939, the cancer incidence rate and mortality with BA 

have aroused people’s concern [45]. The intestine is the 
main place for the distribution, absorption, and excretion 
of BAs in the body. Some primary bile acids are biotrans-
formed through flora in the colon, and secondary bile acids 
are also partially reabsorbed during colonic transport [46]. 
Studies have shown that some genotoxic secondary bile 
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acid accumulation can directly cause DNA damage, pro-
tein damage, mucosal cell proliferation, and inflammation 
which promote colon cancer [31, 34, 47, 48]. Farnesol X 
receptor (FXR) is a key regulator of BA homeostasis, and 
its function impairment is related to higher BA concentra-
tion and tumor-promoting phenotype [49, 50]. Several pro-
spective studies of CRC have found that the pre-diagnosis 
level of GDCA is positively correlated with the risk of 
CRC [34, 51, 52]. The results of this study also demon-
strate the correlation between serum GDCA concentration 
and CRC, and further verify the pathogenic role of GDCA 
in CRC.

At present, many candidate biomarkers with potential 
clinical value have been found; however, their biological 
functions and their physiological and pathological sig-
nificance in human biological systems, as well as related 
mechanisms, have not been studied. With the use of metab-
olomics, this study comprehensively employed a variety 
of technical means, including molecular and cell biology 
techniques, bioinformatics, and molecular simulation, to 
screen potential targets for individualized prevention and 
medical treatment. This study found that PARP-1 is related 
to the occurrence and development of CRC. PARP-1 is an 
enzyme located in the nucleus that can catalyze the synthe-
sis of poly ADP-ribose on protein substrates by binding to 
DNA damage sites, leading to the recruitment of additional 
DNA repair proteins to the damaged site to complete DNA 
damage repair [10]. In recent years, PARP-1 has attracted 
extensive attention as a potential cancer therapeutic target 
[40, 41]. For instance, PARP-1 expression in breast can-
cer is correlated with tumor grade and can independently 
predict poor prognosis in invasive breast cancer patients 
[44]. Schiewer et al. showed that the activity of PARP-1 
was enhanced in a model of advanced prostate cancer, which 
was closely related to disease progression, and they sug-
gested that targeting PARP-1 could effectively inhibit tumor 
growth [48]. Previous studies have found that PARP-1 is 
overexpression in CRC patients and can promote CRC tumor 
growth by triggering inflammation and activating the IL6-
STAT3-cyclin D1 axis [53, 54]. Oxidative stress, bacterial 
products (LPS), and inflammatory cytokines (IL-1, TNFα) 
can activate PARP-1 and nuclear factor-κB (NF-κB), the 
latter of which participates in inflammation as well as car-
cinogenesis [55–57]. Therefore, PARP-1 inhibition is of 
great significance for cancer treatment, and PARP-1 may 
be used as a protein biomarker for future treatment, such as 
breast cancer, pancreatic cancer, ovarian cancer, and pros-
tate cancer [58, 59]. Studies have found that the increase of 
PARP-1 protein occurs in many tumor types, suggesting that 
it is involved in the carcinogenic process and may have prog-
nostic value [60]. In addition, the liver is the most common 
metastatic site in the occurrence and development of CRC 
[61]. At present, it has been reported that fatty acid binding 

protein 6 (FABP6), which acts as an intracellular transporter 
of BA, is highly expressed in primary CRC and adenomas 
compared with the normal epithelium, but significantly 
decreased in lymph node metastasis [62]. Through organoid 
transcriptional analyses, the signature genes changed in liver 
metastasis of primary tumors and CRC and SOX2 inducible 
knockdown weakens the growth of invasion, proliferation, 
and liver metastasis. It is proved that SOX2 is associated 
with colorectal cancer progression and may serve as a poten-
tial prognostic biomarker and therapeutic target [63]. In this 
experiment, PARP-1 can participate in tumor invasion and 
metastasis through different molecular mechanisms (e.g., 
hypoxia, epithelial-mesenchymal transition, and angiogene-
sis) [64, 65]. Inhibition of PARP can counteract the ability of 
melanoma cells to metastasize to the lung, which is related 
to the downregulation of the intermediary filament vimentin 
in both endothelial cells and melanoma cells, which led to a 
reversion of mesenchymal phenotype of the two cell types 
and prevented malignant melanoma cells from developing 
vasculogenic mimicry [66]. Moreover, PARP-1 has been 
reported as a biomarker of poor prognosis for stage II–III 
colon cancer. PARP-1 should be included in the evaluation 
index when selecting treatment strategies [67]. In summary, 
these data suggest that the occurrence and development of 
CRC are related to GDCA and PARP-1. As a direct target 
of GDCA, PARP-1 expression is regulated by the content of 
GDCA, which affects the occurrence, development, metas-
tasis, and prognosis of CRC. Therefore, we recommend that 
GDCA and PARP-1 can be saved as evaluation indexes in 
the prevention, diagnosis, and treatment of CRC.

Personalization of medical services in CRC 
management

Cancer is a major factor threatening human health and life 
safety. Extensive studies have identified numerous dietary 
metabolites and phytochemicals with chemopreventive 
potential [68]. Phytochemicals widely exist in nature; phy-
tochemicals, plant extracts, and plant-based diets are the 
main sources for the preventive effects on cancer develop-
ment, and cancer progression and metastasis [24, 69]. There 
are many natural plant metabolites with anti-CRC effects, 
including terpenoids, alkaloids, saponins, flavonoids, and 
polysaccharides [70]. These anticancer phytochemicals have 
multi-targeting potential because they can regulate multiple 
pathways to affect each stage of tumor growth. Phytochemi-
cals may prevent or treat cancer by improving immunity, 
regulating specific signaling pathways, inhibiting angiogen-
esis, cell cycle arrest, and inducing apoptosis and mitochon-
drial/DNA damage [24, 26, 71–74].

Celastrol, a natural chemical derived from Tripteryg-
ium wilfordii, has shown important antioxidant and anti-
inflammatory activities. It can inhibit the secretion of 
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pro-inflammatory cytokines and inhibit tumor proliferation, 
growth, and metastasis in various cancer models [75]. In this 
study, we found that the therapeutic effect of celastrol in 
CRC was related to its action on the PARP-1 protein, result-
ing in DNA damage, affecting cancer cell cycle, inhibiting 
angiogenesis and cancer cell apoptosis. The main pathways 
involved in apoptosis are the PI3K-Akt signaling pathway, 
MAPK signaling pathway, HIF-1 signaling pathway, and the 
mitochondrial endogenous signaling pathway, among others. 
Celastrol promoted the association of an ATP–cytochrome 
C complex to activate Casp-9 and its downstream caspase, 
Casp-3, by regulating the key factor Bcl-2 [76]. In addition, 
the increase in Bax resulted in the activation of Casp-3. In 
the early stage of caspase-dependent apoptosis, activated 
caspases cleave PARP-1 into fragments, enabling cancer 
cell apoptosis [77]. Conversely, celastrol may also inhibit 
CRC cell proliferation via the NF-κB signaling pathway in 
a dose- and time-dependent manner, by upregulating p21 
expression, NF-κB decreases expression, inducing apopto-
sis, and increasing casp-9/-3 activities [78]. Celastrol may 
induce anti-CRC effects via the mTOR signaling cascade, 
which involves several proteins, including Akt, mTOR, and 
S6K, and its effects may also be related to angiogenesis 
inhibition [79]. In addition, triptolide can reduce inflamma-
tory mediators (TNF-α, IL-1β, IL-6, COX-2, and iNOS) and 
NF-κB inactivates and inhibits the inflammatory response; 
EMT may also be suppressed [80]. Celastrol upregulated 
HSF1 expression, enhanced LKB1 transcriptional activity, 
activated AMPKα and YAP, and promoted β-catenin degra-
dation via the ubiquitin–proteasome system to inhibit CRC 
cell growth in vitro and in vivo [28]. Therefore, celastrol is 
a natural, active tumor drug that has shown great potential 
for targeted CRC therapy.

Conclusion and expert recommendations

There have been many studies on the metabolomics of 
CRC [21, 81, 82]; however, it has no study that could be 
traced about carry out personalized medicine by verifying 
the function of metabolites, discover key targets. Thus, 
the present study was conducted to compare the signifi-
cantly altered metabolites between two groups, the HC 
and CRC groups, and to determine the potential of per-
sonalized medicine management via metabolites. In the 
present study, we found that GDCA may have potential 
as a biomarker for the identification of CRC and has pre-
diction and prevention potential in the occurrence and 
development of CRC. Given the findings, PARP-1 serves 
as GDCA target protein which provides a scientific basis 
and theoretical support for the discovery of effective thera-
peutic targets for CRC. We also showed that celastrol can 
inhibit CRC via PARP-1, and the attributing mechanisms 

may be related to the PI3K-Akt signaling pathway, HIF-1 
signaling pathway, cell cycle, apoptosis, or DNA damage. 
Therefore, functional metabolomics can provide a new 
perspective for the medical management of CRC based 
on the concept of PPPM.

We recommend the use of metabonomics techniques in 
PPPM-related studies of cancer. Metabolomics can quickly 
and accurately inform on physiological and pathological 
processes. The discovery of a large number of potential 
biomarkers and therapeutic targets has produced short-term 
benefits in the process of anti-cancer, and metabonomics 
will be a powerful tool to fight cancer in the future. How-
ever, there is a lack of research on the biological functions 
and the related physiological and pathological significance 
of differential metabolites. It remains a challenge to achieve 
highly sensitive early diagnosis, personalized drugs based on 
metabolite spectrum, and long-term benefits of improving 
the survival rate of cancer patients. Tumor metabolic status 
is a key factor affecting tumor metastasis and development. 
By exploring the biological function of different metabo-
lites, we can determine key intervention targets for manipu-
lating tumor metabolism, which is an important aspect of 
personalized medicine management and targeted preventive 
measures for cancer patients [83]. In future phytochemical 
research, we should pay attention to the clinical therapeu-
tic dose. High doses may not be metabolized efficiently in 
the human body and may cause toxic organ damage [84]. 
In the clinical setting, in addition to considering anticancer 
effects, it can be used to reverse drug resistance, enhance 
curative effects, alleviate side effects following radiotherapy/
chemotherapy, enhance immunity and anti-metastasis, and 
prevent recurrence in combination with surgery. In addition, 
the bioavailability of phytochemicals should be considered, 
and new dosage levels may be used to improve treatment. 
The abovementioned considerations will help to inform can-
cer prediction, prevention, and personalized medicine based 
on biomarkers in omics studies. Moreover, they will aid to 
systematically clarify the molecular mechanisms to find new 
therapeutic targets and drugs.
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