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Abstract. Metabolites are the final products of cellular regula-
tion processes, their level is the ultimate response of biological 
systems to environmental and genetic changes. Therefore, the 
identification of key metabolites is required for the diagnosis 
and therapy of diseases. In this study, atherosclerosis-related 
gene expression profile information was extracted from 
ArrayExpress database (GEOD-57691), and analyzed with 
limma package. Furthermore, we constructed an intricate 
multi-omics network involved in genes, phenotypes, metabo-
lites and their associations. To identify the prioritization of 
atherosclerosis-related metabolites, the relation score of each 
metabolite in the composite network was computed with the 
random walk with restart (RWR) method. The top 50 metabo-
lites and top 100 genes were chosen based on the score in 
the weighted composite network. Consequently, several key 
metabolites that were ranked in the top 5 of relation score or 
degree greater than 70 were confirmed. Particularly, metabo-
lites Tretinoin and Estraderm not only have high relation 
scores, but also contain more degrees. Moreover, we obtained 
24 co-expression genes that may be regarded as the targets of 
atherosclerosis therapy. Therefore, identification of metabolite 
prioritizations by the composite network integrated the infor-
mation of genes, phenotypes and metabolites may be available 
to diagnose atherosclerosis, and can provide the potential 
therapeutic strategies for atherosclerosis.

Introduction

Atherosclerosis is the underlying cause of human death, 
which is involved in the onset of many diseases, including 
myocardial infarction, stroke, ischemic heart pain, and 
sudden cardiac death (1,2). It has been widely reported that 

atherosclerosis mainly occurs in the intima of medium arteries 
at the blood flow disorganized regions and can be triggered by 
the interaction of endothelial dysfunction and subendothelial 
lipoprotein retention (3). A non-resolving inflammatory 
response is stimulated by the atherosclerotic triggering process 
and thus induces intimal destruction, end-organ ischemia and 
arterial thrombosis. Therefore, studies on the pathophysiology 
of atherosclerosis are urgently needed. Metabolomics has been 
reported to be used to identify the specific biomarkers and 
discover the possible metabolic pathways, which contributes 
to better exploration of the pathology of diseases.

Metabolites as the ultimate products of cellular regula-
tory process, are generally regarded as the final response of 
biological systems to genetic or environmental changes. It is 
well known that metabolite levels can be used to evaluate the 
current physiological state of human body. The identification 
of disease-associated metabolites has been demonstrated 
to be important for better understanding the pathophysi-
ology of metabolites and enhancing the clinical diagnosis 
of diseases (4,5). Metabolomics/metabonomics is a rapidly 
evolving field of biochemical research following genomics, 
transcriptomics and proteomics, which is used to quantita-
tively measure the metabolic response to pathophysiological 
stimuli. The study of metabolomics not only contributes to 
our understanding of the underlying molecular mechanisms 
of diseases, but also helps us for exploring the biomarkers of 
disease diagnosis (6,7). Up to now, thousands of metabolites 
have been identified by metabolomics technologies, including 
gas chromatography-mass spectrometry (GC-MS), liquid 
chromatography-mass spectrometry (LC-MS), and nuclear 
magnetic resonance (NMR) (8). However, investigation of the 
identification and prioritization of high-risk metabolites asso-
ciated with atherosclerosis are still a challenging task.

Generally, metabolites hardly function alone, and would 
be affected by genome and phenome when they are regarded 
as the link of genotypes and phenotypes. As known, one or 
two metabolites usually do not have a serious effect on the 
onset of a disease, but they diffuse among function-associated 
metabolites and genes organized into a complex network. 
Therefore, metabolites related to adjacent functions generally 
tend to be associated with phenotypically same or similar 
diseases (9). Furthermore, there are different functions for 
the metabolites in the network, and in the same functional 
module, some metabolites with strong correlation would 
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play a special role in biological function. Currently, with the 
development of various ‘omics’ analysis, such as genomics, 
phenomics, and proteomics, it is beneficial to provide valuable 
information for prioritizing the high-risk metabolites associ-
ated with diseases. Therefore, a comprehensive and accurate 
information of disease-related metabolites can be provided by 
studying a multi-omics network involved in genes, metabolites 
and phenotypes.

In this study, an algorithm named MetPriCNet was used 
to predict the prioritization of atherosclerosis-related risk 
metabolites, which was performed by integrating multi-omics 
data. Yao et al have demonstrated that MetPriCNet not only 
has a high prediction validity in overall performance but 
also possesses an excellent identification ability of disease 
types (10). Consequently, a global metabolic network is 
involved in multi-omics network data, including phenotypic 
networks, genetic network, metabolic network and interaction 
network. Considering the global functional correlations of 
metabolites in this intricate network, the prioritization of key 
metabolites related to a certain phenotype can be confirmed. 
The freely accessible web of MetPriCNet is available at http://
www.bio-bigdata.net/MetPriCNet/.

Materials and methods

Obtaining multi-omics integrated information. A multi-omics 
composite network involved in genes, metabolites, phenotypes, 
gene-metabolite interactions, phenotype-gene interactions and 
phenotype-metabolite interactions was constructed. The data 
sources of relative information are described in the sections.

Gene network (AG). The human protein interacted network 
containing 1,048.576 interaction relationships were obtained 
from STRING (http://string-db.org/) database (11). We 
transformed the protein ID and gene name for removing the 
repetitive interaction relationships. Consequently, a PPI gene 
network with 16,785 nodes and 1,515.370 interaction relation-
ships was obtained.

Metabolite network (AM). Firstly, 4,994 human metabolites 
were collected from the metabolite pathways of KEGG and 
HMDB databases, the human pathways of MSEA, SMPDB 
and Reactome databases (12-16). Subsequently, STITCH 
database was selected to collect the human metabolites and 
metabolite interaction relationships that were contained in the 
4,994 human metabolites (17). Eventually, a metabolite network 
containing 3764 human metabolites and 74,667 metabolite 
interaction relationships was constructed.

Phenotype network (AP). We constructed the phenotype 
network containing 5,080 phenotypes that have similarity 
scores through applying the phenotype-phenotype similarity 
relationships from van Driel et al (18).

Gene-metabolite interaction networks (AGM). The chemicals, 
human genes and STITCH-associated information were 
extracted for obtaining the interaction between genes and 
metabolites. Based on the 4,994 human metabolites, we 
removed the genes that were not contained in the gene network 
and the metabolites that were not included in the metabolite 

network. Ultimately, a total of 192,763 gene-metabolite inter-
actions involved in 12,342 genes and 3,278 metabolites were 
obtained.

Phenotype-gene interaction networks (AGP). The interactions 
between phenotypes and genes were collected from the Morbid 
Map file from OMIM. Similarly, the phenotypes that were not 
included in the phenotype network and the genes that were not 
involved in the gene network were removed. Consequently, we 
obtained 2,603 phenotype-gene interactions with 1,715 genes 
and 1,886 phenotypes. Notably, the weighted score of each 
phenotype-gene association was defined as 1.

Phenotype-metabolite interaction network (APM). The 
associations between phenotypes and metabolites can be 
extracted from HMDB database. Similarly, we removed the 
needless phenotypes and metabolites that were not found in 
the phenotype or metabolite network, respectively. Finally, 
664 phenotype-metabolite associations containing 149 pheno-
types and 388 metabolites were preserved.

Collecting disease-related gene expression data. Gene 
expression profiles associated with atherosclerosis were 
collected from ArrayExpress database (http://www.ebi.
ac.uk/arrayexpress/) the access number is E-GEOD-57691. 
Then 10 samples called normal aortic tissue and 9 speci-
mens named aortic atheroma tissue in expression sets were 
selected for further analysis. For improving the quality of 
the data, several standard pretreatments were performed, 
including probe correction, background correction, normali- 
zation and summarization of expressed value (19-21). As a 
result, an expression profile dataset containing 19,211 genes 
was obtained for subsequent analysis. The atherosclerosis-
associated phenotype information with access number 143890 
was obtained from Online Mendelian Inheritance in Man 
(OMIM; http://omim.org/) database. Integrating the gene 
expression profiles obtained from ArrayExpress and pheno-
type information containing related disease genes obtained 
from the Morbid Map file in OMIM database, the seed genes 
with differential expression were selected. To correctly screen 
the differentially expressed genes (DEGs), limma package was 
used to compute the differential expression (22). Moreover, 
t-test and F-test were conducted to analyze the gene expres-
sion matrix. Furthermore, lmFit function was used to perform 
the empirical Bayes (eBayes) statistics and a false discovery 
rate (FDR) calibration of P-values for the data (23,24). 
Eventually, we obtained the candidate genes with large diffe- 
rence for the establishment of the gene network.

Constructing an intricate multi-omics network. The six 
networks (AG, AM, AP, AGM, AGP and APM) obtained above 
from multiple data sets were integrated into one weighted 
adjacency matrix A for constructing an intricate multi-omics 
network. Subsequently, based on the adjacency matrix, a 
column-normalized adjacency matrix W can be acquired, 
which is a transition matrix of the intricate network, Wij can be 
used to calculate the transition probability of each node from 
i to j. Ultimately, six networks were merged into a weighted 
composite network, and Yao et al have described the specific 
algorithm (10).
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Table I. The parameter of top 50 metabolites identified using the RWR method in the weighted composite network.

Rank Metabolite CID Metabolite name Score

  1 444795 Tretinoin (TN) 0.000677293
  2 5757 Estraderm (TN) 0.000622015
  3 5997 Cholesterol (TN) 0.000548486
  4 24139 CHITIN 0.000537016
  5 888 Magnesium ion 0.000473373
  6 6022 Adenosine 5'-diphosphate 0.000465706
  7 5280360 Cervidil (TN) 0.000462843
  8 5994 Prometrium (TN) 0.000450763
  9 5957 Triphosadenine (DCF) 0.000426371
10 753 Moctanin (TN) 0.000415301
11 945 Nitric oxide 0.000375328
12 5280961 Genistein 0.00035226
13 784 Oxyfull (TN) 0.000345901
14 60823 Lipitor (TN) 0.00034207
15 5280453 Rocaltrol (TN) 0.000339252
16 923 Sodium ion 0.000331388
17 172198 Delivert (TN) 0.000330823
18 445154 Resveratrol 0.000317558
19 77999 Gaudil (TN) 0.000314271
20 444899 Arachidonic acid 0.000314223
21 702 Dehydrated ethanol 0.000295643
22 5280343 Quercetin 0.000294725
23 3973 2-(4-Morpholinyl)-8-phenyl-4H-1-benzopyran-4-one 0.000276657
24 65064 Epigallocatechin 3-gallate 0.000273649
25 312145 Wortmannin 0.000250849
26 2336 Benzo[a]pyrene 0.000248994
27 2244 Acetylsalicylic acid 0.000233603
28 14985 α-Tocopherol 0.000233033
29 105024 L-selenomethionine 0.000229817
30 445639 Oleic acid (NF) 0.00022218
31 935 Nickel 0.000203525
32 4829 Pioglitazone (INN) 0.000203337
33 12035 S-substitute 0.000201323
34 5816 Adrenalin (TN) 0.000197363
35 24766 Chondroitin 4-sulfate 0.000196775
36 439260 Nor adrenalin (TN) 0.000194196
37 6076 Cyclic AMP 0.000189559
38 5359597 Superoxide anion 0.000189271
39 5280450 Linoleic acid 0.000188959
40 774 Histaminum (TN) 0.000188733
41 5460048 (R)-triglyceride 0.000187959
42 158 14-hydroxy-E4-neuroprostane 0.000184986
43 778 Homocysteine 0.000183673
44 977 Oxygen (JP16/USP) 0.000180497
45 969516 Curcumin 0.000177388
46 54687 Pravator (TN) 0.000174654
47 33032 Gulutamine (USP) 0.000173862
48 23930 Manganese 0.000172384
49 17756770 Ceramide 0.000172203
50 985 Palmitic acid (NF) 0.000168691
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Figure 1. Prioritization of atherosclerosis-related metabolite network screened by multi-omics composite network. (A) Multi-omics composite network con-
structed by the atherosclerosis-related top 50 metabolites and seed genes. (B) Prioritizing metabolite network of atherosclerosis. Yellow, seed nodes, pink, the 
prioritizing metabolites, and red the top 5 metabolites.

Figure 2. Co-expression network involved in top 50 metabolites, seed nodes and co-expression genes. Co-expression genes are marked in blue, metabolites are 
in pink, seed nodes are in yellow, and the top 5 metabolites are in red.
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Identification of candidate metabolite prioritization based 
on the weighted multi-omics composite network. To acquire 
the global omics information in the intricate network and 
to identify the prioritization of candidate metabolites, the 
random walk with restart (RWR) method was introduced 
into the intricate multi-omics network (25). On account of the 
proximity of each metabolite to the seed nodes, the prioritiza-
tion of candidate metabolites was identified by the use of the 
RWR method, which was achieved through simulating the 
random walk processes of metabolites starting from a seed 
node. For each step, metabolite shifts from the current node(s) 
to its adjacent node(s) with probability 1-α or goes back to the 
seed node(s) with probability α. The probability is calculated 
as follows:

Pk+1 = (1 - α)WPk + αP0              (1)

Where P0 is the initial probability vector, Pk is the probability 
vector that the i-th element keeps in the node i at step k, W is 
the transition matrix of the composite network. Notably, the 
obtained DEGs were used to provide the gene node in the 
intricate multi-omics network. It is worth mentioning that a 
stable probability calculated with the RWR method would be 
achieved by multiple iterations, and the probability reaches 
the steady state and terminates the iteration processes, as the 
change between Pk+1 and Pk is lower than 10-10. Eventually, 
the relative probability of each metabolite in the composite 
network was obtained.

Results

The construction of an atherosclerosis-related composite 
multi-omics network. Atherosclerosis-related genes with 
larger differential expression were used to construct the gene 
network. In this study, we screened the atherosclerosis-related 
DEGs with limma package, and then applied t-test, F-test, 
eBayes statistics as well as FDR calibration. Ultimately, 
DEGs with the criteria of the adjusted P<0.05 were selected 
for establishing the gene network. Furthermore, constructing 
an atherosclerosis-related composite multi-omics network 
containing the interactions of gene-gene, phenotype-pheno-
type, metabolite-metabolite, gene-phenotype, gene-metabolite 
and phenotype-metabolite by importing the gene network. 
Consequently, we obtained 9,993 nodes and 10,271.126 edges 
involved in atherosclerosis-related DEGs, phenotypes and 
metabolites.

Identifying the atherosclerosis-related metabolite priori-
tization. The prioritization of the atherosclerosis-related 
metabolites can be identified by evaluating the relation 
score of each metabolite in the composite network. Through 
combining the original weight score that was calculated with 
the RWR method in equation (1), the new relation score of each 
metabolite was computed, and further ranked the metabolite 
by the corresponding score. In the present study, we screened 
out 50 metabolites as the prioritizing candidate metabolites 
which ranked in the top 50 of relation score (Table I). Then, 
we searched for the prioritizing candidate metabolites from 
the multi-omics composite network, and thus extracting the 
atherosclerosis-related prioritizing metabolite composite 

network. The associations of candidate metabolites are shown 
in Fig. 1, where the top 5 metabolites with higher score were 
marked in red, including Tretinoin (TN) (score=0.000677293), 
Estraderm (TN) (score=0.000622015), Cholesterol (TN) 
(score=0.000548486), CHITIN (score=0.000537016), magne-
sium ion (score=0.000473373). Seed nodes were marked in 
yellow and other metabolites were in pink.

Identification of co-expression genes in the composite 
network. Based on the 50 prioritizing candidate metabolites, 
genes that were interacted with metabolites in the composite 
network were chosen. Furthermore, we analyzed the close-
ness between the known genes and candidate metabolites 
and screened out the co-expression genes, the closeness of 
which achieved a greater score than the average and ranked 
in top 100. Consequently, a co-expression network that was 
involved in the composite network was obtained (Fig. 2). In 
this network, yellow nodes represent the seed nodes, blue 
nodes represent the co-expression genes, pink nodes are the 
prioritizing candidate metabolites and red nodes are the top 
5 metabolites. Ultimately, 24 co-expression genes marked in 
blue were identified, including 16 genes with degree greater 
than 30 and 8 genes with degree lower than 30. The param-
eter information of the 24 co-expression genes is listed in 
Table II. Significantly, MAPK8 (also known as JNK1), that 

Table II. Co-expression genes associated with the top 50 meta- 
bolites of atherosclerosis in the multi-omics composite network.

Co-expression
gene Degree Closeness adj.P.Val

MAPK8 100 3.644899487 8.74E-05
PTEN   81 3.526471283 2.45E-06
FOXO1   59 2.841944445 2.20E-06
SLC2A1   57 4.021206485 6.39E-05
TGFA   50 3.38473277 5.27E-05
VDR   47 3.99371055 3.87E-05
HSPA5   46 2.673613247 8.11E-05
CGB2   42 2.298998928 6.32E-05
RPS6KB1   41 2.920705668 6.56E-05
MAP3K5   41 3.568998598 1.67E-05
HBG2   39 2.68166783 5.61E-05
ATP5O   38 3.171190898 6.13E-06
ACPP   36 3.916740409 6.60E-05
ZBTB16   35 2.764784562 1.44E-06
PIK3R2   34 3.981092177 1.04E-04
SERPINB2   33 3.450172722 7.11E-05
PRKAA1   29 3.124904434 9.48E-05
LPIN1   24 3.82077733 1.41E-06
TUBB1   22 3.474172 9.47E-05
CXCL5   21 3.173767298 1.91E-05
HBA2   18 2.356349598 7.23E-05
ASS1   17 3.587780531 5.29E-06
MAOA   15 3.373168305 3.44E-05
CSNK2A2   13 3.148020812 3.90E-05
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has the highest degree among those genes, was reported to be 
necessary for EC apoptosis and lipid deposition in the early 
atherogenesis (26). Furthermore, FOXO1 gene has been demon-
strated to be expressed strongly in atherosclerotic plaques, and 
to participate in multiple atherogenic pathways of endothelial 
cells (27). By analyzing the degree of metabolites in the 
co-expression network, it can be found that 9 metabolites with 
degree more than 70 were confirmed, that is, Tretinoin (TN), 
Estraderm (TN), genistein, Oxyfull (TN), Dehydrated ethanol, 
quercetin, 2-(4-Morpholinyl)-8-phenyl-4H-1-benzopyran-
4-one, resveratrol and Nitric oxide. It is worth mentioning that 
Tretinoin (TN) was the metabolite that had the highest score, 
and Estraderm (TN) was the second metabolite followed by 
Tretinoin (TN).

Discussion

Atherosclerosis, a progressive disease, is the major cause of 
cardiovascular disease and stroke, and the leading cause of 
death worldwide. It generally occurs in the large arteries that 
accumulate a large number of lipids and fibrous elements (28). 
In the early lesions of atherosclerosis, numerous cholesterol-
engorged macrophages were accumulated in the subendothelial 
tissues, which is called ‘foam cells’. The accumulation of 
lipids leads to more advanced lesions based on the foam cells. 
Plaques containing multiple compositions, such as calcifica-
tion, fibrosis, cholesterol and hemorrhage, are formed, and 
thus lead to the acute occlusion of vessels. The pathogenesis of 
atherosclerosis is a complex and manifold process. The identifi-
cation of disease-related metabolite prioritizations contributes 
to improving diagnosis of atherosclerosis-associated diseases, 
and helps exploring the metabolic pathological process.

Metabolites are the final products of cellular regulation 
processes, and can be used to assess the state of biological 
systems in genetic or environmental changes. As known, a 
metabolite is always affected by the combination of genes and 
phenotypes when it is considered as the link between genes and 
phenotypes. Furthermore, metabolites affected by one disease 
contain not only one or two, and some metabolites may play 
important biological functions in the development of a disease. 
Therefore, the identification of disease-related metabolite 
prioritization is necessary for improving the therapeutic effect 
of the disease. In this study, we integrated the multi-omics 
information that contains genes, metabolites, and phenotype 
related to pathogenesis, for predicting the atherosclerosis-
related metabolites. Moreover, the RWR method was used to 
compute the probability of each metabolite in the composite 
network for identifying the candidate metabolite prioritization. 
Consequently, several atherosclerosis-related key metabolites 
were confirmed, including the top 5 metabolites with high rela-
tion score [Tretinoin (TN), Estraderm (TN), Cholesterol (TN), 
Chitin and magnesium ion] and other 7 metabolites with high 
degree [Nitric oxide, genistein, Oxyfull (TN), resveratrol, 
Dehydrated ethanol, quercetin and 2-(4-Morpholinyl)-8-
phenyl-4H-1-benzopyran-4-one)].

Numerous studies indicate that antioxidants, such as 
vitamins A and E, can decrease the severity of athero-
sclerosis-related hypercholesterolemia and coronary heart 
disease (29,30). Significantly, Tretinoin (retinoic acid), a 
metabolite of vitamin A, plays a critical role in cell survival, 

differentiation and death, and has particular functions on 
neurogenesis and angiogenesis (31,32). Tretinoin has been 
demonstrated to decrease the expression and activity of tissue 
factor in cultured human endothelial cells (33). Jiang et al have 
reported that Tretinoin can improve the atherogenic effects of 
C. pneumoniae by decreasing the damage of C. pneumoniae 
infection, and reduce the development of atherosclerotic 
lesions (34). Estraderm as a class of steroid hormone, is the 
most biologically active estrogen. Estrogen is reported to 
suppress the proliferation of vascular smooth muscle cells, 
the formation of atherosclerotic plaques, and oxidative stress. 
Investigation conducted by Li et al shows that low-concentra-
tion estrogen can function as an inhibitor for inhibiting the 
development of atherosclerosis through the mediation of cysta-
thionine lyase-generated hydrogen sulfide (35). Furthermore, 
Dai et al demonstrated that estradiol and testosterone affect 
synergistically the early stage atherosclerosis, and estra-
diol/testosterone with an appropriate ratio can markedly 
inhibit the progression of atherosclerosis by decreasing foam 
cell formation, lipid lesions and endothelial damage (36). 
Additionally, the functional roles of other metabolites on the 
progression of atherosclerosis were also investigated, such as 
genistein suppress the atherosclerotic lesions by inhibiting the 
expression of matrix metalloproteinase-3 protein for protecting 
the vascular endothelial wall, Nitric oxide is regarded as a key 
modulator of vascular disease and the activation of endothe-
lial nitric oxide synthase can improve atherosclerosis, and 
resveratrol functions as atheroprotective activity since the 
antioxidant, anti-inflammatory, antifibrotic, and cardioprotec-
tive properties (37-40).

In addition, we identified 24 co-expression genes that are 
closely related to the important atherosclerosis-associated 
metabolites. Moreover, some co-expression genes have been 
demonstrated to play a crucial role in the development of 
atherosclerosis, especially for genes with a high degree. For 
example, MAPK8 (degree: 100) as a member of the JNK 
family that play an important role in cardiovascular lesion 
and disease, has been reported to be required for apoptosis 
of endothelial cells and the deposition of lipids during early 
atherosclerosis (26,41). Thus, inhibitors of MAPK8 may 
decrease atherosclerosis by reducing endothelial cell damage 
and preventing foam cell formation. PTEN gene (degree: 81) 
is reported to inhibit the expression of VCAM-1 molecule that 
is highly expressed in atherosclerotic lesions, suggesting that 
modulation of PTEN activity may contribute to reduce athero-
sclerosis (42). Furthermore, FOXO1 (degree: 59), a frequent 
transcription factor expressed frequently in mammalian cells, 
plays a crucial role in metabolic homeostasis regulation, 
cell differentiation, oxidative stress and autophagy (43,44). 
Qiang et al studied the role of FOXO1 on atherosclerosis and 
endothelial cells, the results indicate that FOXO1 deacetylation 
can enhance the change of vascular endothelial cells, and thus 
contributing to the formation of atherosclerotic plaques (45). 
The functional effects of other co-expression genes on athero-
sclerosis are also reported, including HSPA5, CXCL5 and 
MAOA genes (46-48). Therefore, these results suggest that 
the metabolites and genes extracted by multi-omics composite 
network are important for the therapy of atherosclerosis.

In summary, atherosclerosis-related metabolites can be iden-
tified by the multi-omics composite network, and prioritization 
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of metabolites can be confirmed by the use of the RWR method. 
Several key metabolites were found, including Tretinoin (TN), 
Estraderm (TN), Cholesterol (TN), Chitin, magnesium ion, 
Nitric oxide, genistein, Oxyfull (TN), resveratrol, dehydrated 
ethanol, quercetin and 2-(4-Morpholinyl)-8-phenyl-4H-1-
benzopyran-4-one, which could be considered as biomarkers 
of atherosclerosis diagnosis. Furthermore, 24 co-expression 
genes, identified by analyzing the metabolites in composite 
network, may be available to be targets of atherosclerosis 
therapy. However, for the analysis of metabolites and genes, 
some limitations are still present. Firstly, there are many 
diseases associated with atherosclerosis, whereas we only 
selected one dataset (GEOD-57691). Additionally, the candi-
date metabolites extracted by the multi-omics composite 
network have not been verified by clinical experiments. 
Nonetheless, the results obtained from this study are still able 
to provide some preliminary evidence to explore the potential 
therapeutic strategies for atherosclerosis.
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