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Abstract
Background: Diabetes is a metabolic disease that has been widely demonstrated to be correlated with
many microvascular and macrovascular diseases that seriously damage the patient’s life quality. This
study intended to investigate the underlying molecular mechanisms of endothelial dysfunction under
hyperglycemia.

Methods: The gene expression profile of GSE49524 was downloaded and differentially expressed genes
(DEGs) in hyperglycemia human umbilical cord endothelial cells (HUVECs) samples compared with
normoglycemia HUVECs samples were identified by R software. Afterward, we analyzed the data by
applying a combination of the bioinformatics method and used the microRNAs (miRNAs) databases to
predict microRNAs that target key genes. The expression of the top 10 differentially expressed genes was
validated through quantitative real-time PCR (qRT-PCR).

Results: A total of 65 genes were distinguished as DEGs. The dominant GO (gene ontology) terms and
KEGG (Kyoto Encyclopedia of Genes and Genomes) pathways which were significantly overrepresented
in the hyperglycemia HUVECs were identified. The results of the protein-protein interaction networks
demonstrated that fibronectin 1 (FN1) is of the highest degree. In addition, several predicted miRNAs that
target FN1 were obtained too. The further verification of the top 10 DEGs through qRT-PCR illustrated that
nine of the up-regulated DEGs were up-regulated significantly in the hyperglycemia group when compared
to the control group.

Conclusions:

This exploratory study may help to prompt an understanding of the underlying molecular mechanisms of
the effect of hyperglycemia on the behavior of HUVECs and contribute to the production of effective
therapeutic interventions.

Background
Diabetes is a metabolic disease that has been widely demonstrated to be correlated with many
microvascular and macrovascular diseases that seriously damage the patient’s life quality (1). In
particular, hyperglycemia is associated with the disruption of endothelium’s function, which could result
in oxidative stress, the development of atherosclerosis, delayed-angiogenesis and the occurrence of
cardiovascular and cerebrovascular events (2, 3). However, the molecular mechanisms underlying
endothelial dysfunction in diabetic patients are still unknown, which limits efficient curative interventions
in clinical researches.

Endothelial cells play important roles in vascular biology. They are not only functioning as blood vessels’
protective lining, but also the local site that delivers oxygen to the tissue. The disruption of endothelium’s
function is thought to contribute to the development of macro-vascular diseases including
atherosclerosis (4). The intactness of endothelial cell monolayer is of great importance for the regulation
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of local homeostasis and the protection of smooth muscle cells within the vessel from the harmful
stimulus by providing a non-permeable barrier (5).

Human Umbilical Cord Endothelial Cells (HUVECs) obtained from mothers with gestational diabetes
mellitus are an effective cellular model for early endothelial damage in diabetes (6). Therefore, by
comparing the gene expression of hyperglycemic HUVECs with that of normoglycemia HUVECs in the
Gene Expression Omnibus (GEO) database, we identified Differentially Expressed Genes (DEGs) and
analyzed the Gene Ontology (GO) and Kyoto Encyclopedia of Genes and Genomes (KEGG) enrichment
pathways in order to determine the key genes, pathways, and microRNAs (miRNAs) of HUVECs in high-
glucose state, thus revealing the potential molecular mechanism of high glucose on endothelial
behaviors.

Methods

2.1. Gene expression microarray data
In this study, the gene expression profiles of GSE49524 were download from the NCBI-Gene Expression
Omnibus (NCBI-GEO; http://www.ncbi.nlm.nih.gov/geo/). GSE49524 is based on the GPL7020 platform
(NuGO array (human) NuGO_Hs1a520180). The GSE49524 dataset contained six samples, including
three HUVEC samples from the umbilical cords of gestational diabetic mothers and three HUVEC samples
from umbilical cord of controls (7). Umbilical cords were taken from three Caucasian women with
Gestational diabetes (diagnosed not later than 28th gestational week [gw]) and from three Caucasian
women without diabetes matching for age and Body Mass Index (BMI). All donors had normal blood
pressure. A 100 g 3 hours Oral Glucose Tolerance Test (OGTT) was conducted between the 24–34th gw.

2.2. Identification of DEGs
Quality control includes relative logarithmic expression and RNA degradation. In R software (Version
3.5.3, R Core Team, 2014), differentially expressed genes (DEGs) were identified through the Linear
Models for Microarray Analysis(Limma) package (8). Limma provides a summary of the results of the
linear model, performs hypothesis tests, and adjusts P-values for multiple testing, and the results include
(log) fold changes, standard errors, t-statistics, and P-values. The Benjamini-Hochberg false discovery
rate was used to correct the P values. P value<0.05 and [logFC] > 1 were used as the cut-off criteria of
DEG analysis. A Volcano plot was carried out in R software using the GGPROT2 package (9, 10).

2.3. GO enrichment and KEGG pathway analysis of the DEGs
Gene Ontology(GO;www.geneontology.org) and Kyoto Encyclopedia of Genes and
Genomes(KEGG;www.genome.ad.jp/KEGG) are widely used in bioinformatics identifying the most
correlative molecular function(MF),biological process(BP),cellular component(CC) and relevant pathway

http://www.ncbi.nlm.nih.gov/geo/)
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information. In order to identify the significance of DEGs, KEGG and GO analysis were performed through
the annotate package and clusterProfiler package in R software (11). P-value(adjusted by Benjamini-
Hochberg)<0.05 was used as the cut-off criteria.

2.4. Construction of the PPI network of DEGs
To further elucidate the molecular mechanism of hypoglycemia affecting the behavior of HUVEC cells, we
made use of the Interactive Gene Retrieval Tool (STRING) database (http://www.string-db.org/) to
evaluate the relationships among DEGs. Subsequently, we used Cytoscape software (Version 3.7.1,
National Institute of General Medical Sciences) to analyze the PPI network.

2.5. Cell culture
Human umbilical vein endothelial cells (HUVECs) were purchased from Clonetics (San Diego, CA, USA)
and were cultivated in DMEM low glucose medium supplemented with 2% fetal bovine serum with 100
U/mL penicillin and 100 μg/mL streptomycin under standard culture conditions (37 °C, 5% CO2). HUVECs
were treated with normal (NG, 5.5 mM) or high (HG, 25 mM) glucose for 24 h, then collected for additional
experiments.

2.6. Quantitative PCR
Cells were treated with Trizol reagent for extracting total RNA, and cDNA synthesis was performed using
PrimeScript RT reagent kit (Takara Bio Inc., Otsu, Japan). The primers were designed and synthesized for
the amplification of SIRT3, Mfn2 and β-actin by real-time quantitative PCR. The standard curve was
obtained, and CT value was calculated. The mRNA expression of each gene was normalized to β-actin.
The mixture (total volume 20 μl) used for PCR was as follows: DNA (1 μl), SYBR FAST qPCR master mix
(10 μl), ROX High (0.4 μl), Primer F (10 pmol/μl) (0.4 μl), and Primer R (10 pmol/μl) (0.4 μl). PCR was
conducted as follows: 95℃ for 3 min, 95℃ for 3 sec, 60℃ for 30 sec, 95℃ for 15 sec, 60℃ for 15 sec,
95℃ for 15 sec, for a total of 40 cycles.

2.7. Prediction of miRNAs targeting the core gene
MicroRNAs are a class of small non-coding RNAs that bind to the 3′-untranslated region of target mRNA
to inhibit mRNA expression or the degradation of mRNAs (12). The key miRNAs targeting the core gene
were predicted using TargetScan (http://www.targetscan.org/), miRDB (http://
www.mirdb.org/miRDB/index.html), and DIANA Tools (http://diana.imis.athena-
innovation.gr/DianaTools/).

http://%28http//www.string-db.org/
http://%28http//www.targetscan.org/)
http://www.mirdb.org/miRDB/index.html)
http://diana.imis.athena-innovation.gr/DianaTools/
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2.8. Statistical analysis
Experiments were repeated at least three times. Data are expressed as means ± standard error (SEM).
Comparisons were made with two-tailed Student’s t-test. P<0.05 was considered statistically significant.

Results

3.1. The identification of differentially expressed genes
We downloaded the gene expression profile GSE 49524 from GEO database, and DEGs were identified
between hyperglycemia HUVECs samples and normoglycemia HUVECs samples using Limma package.
We used P < 0.05, logFC (fold control) > 1.0 or logFC < –1.0 as the criteria, and 65 genes were identified
as DEGs. A total of 65 genes were recognized as DEGs by applying P < 0.05, logFC (fold control) > 1.0 or
logFC < –1.0 as the criteria. Of these, the number of up-regulated genes was 51, while the number of
down-regulated genes was 14. The volcano plot carried out in R software using the GGPROT2 package
was also presented in Figure 1.

3.2. GO term enrichment and KEGG pathway analysis
Table 1 shows the top 10 enriched GO categories of the identified DEGs. The enrichment analysis of  GO
demonstrated that the predominant enriched GO terms belong to the biological process, such as
extracellular structure organization, extracellular matrix organization, skeletal system development, and
blood vessel morphogenesis and heart development. In addition to the biological process, there also
existed some enriched GO terms associated with molecular function, such as cell adhesion molecule
binding and growth factor binding. In addition, the DEGs were also enriched in GO terms related to cellular
components, such as extracellular matrix, extracellular matrix component, endoplasmic reticulum lumen
and proteinaceous extracellular matrix. Besides, GO terms in correlation with the cellular component
group also enriched a few DEGs, such as extracellular matrix component, endoplasmic reticulum lumen,
proteinaceous extracellular matrix and extracellular matrix. As shown in Figure 2, the results of KEGG
analysis unveiled that the DEGs were enriched in PI3K-Akt signaling pathway, amoebiasis and AGE-RAGE
signaling pathway in diabetic complications, and cellular senescence.

3.3. DEGs’ PPI network and hub genes in the PPI network
The relevant information about DEGs and hub genes in PPI network are extracted from string database. A
total of 21 nodes and 45 edges are contained in the PPI network. DEGs are indicated by the nodes, while
the interactions between DEGs are symbolized by the edges. The top 10 high-degree hub nodes consisted
of fibronectin 1(FN1), latent transforming growth factor beta binding protein 1(LTBP1), insulin like growth
factor binding protein 3 (IGFBP3), collagen type III alpha 1 chain (COL3A1), collagen type IV alpha 1
chain(COL4A1), fibrillin 1 (FBN1), brain derived neurotrophic factor (BDNF), fibroblast growth factor 2
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(FGF2), transforming growth factor beta induced(TGFBI), transforming growth factor beta 2 (TGFB2). The
first 10 high-degree core genes are composed of FN1 (fibronectin 1), LTBP1 (latent transforming growth
factor beta binding protein 1), IGFBP3 (insulin like growth factor binding protein 3), COL3A1 (collagen
type III alpha 1 chain), COL4A1 (collagen type IV alpha 1 chain), FBN1 (fibrillin 1), BDNF (brain derived
neurotrophic factor), FGF2 (fibroblast growth factor 2), TGFBI (transforming growth factor beta induced),
and TGFB2 (transforming growth factor beta 2). Of these genes, FN1 exhibited the highest nodal degree
of 7 (Figure 3).

3.4. Prediction of miRNAs that target the hub genes
According to the information provided by the PPI network, we discovered that FN1 if of the highest degree
and may be a key gene regarding the behavior of HUVECs under hyperglycemia. By using miRNA
databases (TargetScan, miRDB, and DIANA Tools), we obtained the potential miRNAs targeting FN1which
include miR-429,miR-144-3p,miR-1-3p,miR-1271-5p,miR-206 and miR-96-5p (Figure 4). Besides, Figure 5
illustrated the binding sites between the predicted miRNAs and FN1.

3.5. Validation of DEGs through qRT-PCR
Table 2 lists the primer sequences applied in this study. Besides, the first 10 DEGs were selected for the
validation experiments. The experimental results of qRT-PCR revealed that nine out of ten DEGs (FN1,
LTBP1, IGFBP3, COL3A1, COL4A1, FBN1, BDNF, FGF2, TGFB2) were significantly up-regulated in the
hyperglycemia group compared with the control group (Figure 6).

Discussion
In this study, we investigated the potential molecular mechanisms involved in vascular endothelial
dysfunction in diabetes. The gene expression profile of GSE49524 was downloaded from GEO and raw
data was analyzed by R software. A total of 65 DEGs were identified, composing of 14 under-expressed
genes and 51 over-expressed genes. In addition, we further analyzed GO and KEGG pathways to prompt
the understanding of the biological significance of the DEGs. The potential essential genes and miRNAs
that may influence the behavior of HUVECs under hyperglycemia were identified through the combination
of PPI networks and miRNA predictions.

The enrichment analysis of GO terms indicated that the DEGs were significantly enriched in extracellular
matrix organization and extracellular structure organization. Furthermore, the results also demonstrated
that the DEGs were correlated with blood vessel morphogenesis and heart development. Previous studies
have revealed that angiogenesis plays an essential role in the impaired neovascularization in diabetes
(13, 14). In addition, effective suppression of the damage of vascular endothelial cells or facilitation of
angiogenesis may contribute to the effective treatment of diabetic vascular diseases (15, 16).
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Moreover, the DEGs were significantly enriched in several KEGG pathways, including ECM-receptor
interaction, PI3K-Akt signaling pathway, AGE-RAGE signaling pathway in diabetic complications, TGF-
beta signaling pathway, relaxin signaling pathway and FoxO signaling pathway. It has been
demonstrated that AGE/RAGE signaling could enhance oxidative stress to facilitate the diabetes-
mediated calcification of vessels and result in the switch of VSMCs (vascular smooth muscle cells)
phenotype to osteoblast-like cells phenotype (17). Previous studies have indicated that the exposure of
HUVECs to high glucose may disrupt endothelial cells’ functions such as insulin signaling (18) and the
expression of a large number of proteins participating in the process of blood viscosity and thrombosis
(19), which is consistent with our results. Therefore, understanding the role of the key pathways will allow
for pharmacological intervention in the future.

Furthermore, the analysis of the PPI network unveiled that FN1, LTBP1,IGFBP3, COL3A1, COL4A1, FBN1,
BDNF, FGF2, TGFBI, TGFB2 were the first 10 hub genes, which may be correlated with HUVECs behavior
under hyperglycemia. The results of qRT-PCR demonstrated that the level of nine of the over-expressed
DEGs (FN1, LTBP1, IGFBP3, COL3A1,COL4A1, FBN1, BDNF, FGF2,TGFB2) was higher in the hyperglycemia
group than those in the control group. Of these genes, the node degree of FN1 is the highest. FN1 is a
kind of extracellular matrix proteins and The expression of FN1 has been shown to be elevated
significantly in Diabetic cardiomyopathy (20, 21). Accumulation of extracellular matrix proteins in
diabetes leads to irreversible tissue damage (22), probably the result of tissue repair after cell death.

To further investigate the underlying molecular role of FN1, we used the miRNA databases (TargetScan,
miRDB, and DIANA Tools) to predict the miRNAs that target FN1, and we identified the crossings between
the results of the three databases, namely miR–429,miR–144–3p,miR–1–3p,miR–1271–5p,miR–206,
and miR–96–5p. Afterward, we searched these six miRNAs in PubMed and noticed that four of them
have been experimentally verified to target FN1, namely miR–429(23),miR–144–3p(24),miR–1271–
5p(25) and miR–206(26). Therefore, further experimental studies about miR–1–3p and miR–96–5p are
needed to be confirmed.

There exist some limitations of this study. First, the sample sizes applied for expression spectrum
analysis is small. Second, more detailed and in-depth research is required in the future. Hence, we
anticipate that the results of this study can contribute to prompt a further understanding of the potential
mechanisms that control the behavior of HUVECs under hyperglycemia.

Conclusion
In this study, we identified 65 genes as DEGs, among which 51 genes were up-regulated, and 14 genes
were down-regulated. GO and KEGG pathway analyses were carried out to elucidate the molecular
mechanisms of HUVECs under hyperglycemia. From the results of the PPI network, we found that FN1
had the highest degree and the predicted miRNAs targeting FN1 were obtained based on the miRNA
databases (TargetScan, miRDB, and DIANA Tools), among which miR–429,miR–144–3p,miR–1–
3p,miR–1271–5p,miR–206 and miR–96–5p were identified.
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Figure 1

The volcano plot carried out in R software using GGPROT2 package. One dot represents one gene. Red,
up-regulated; blue, down-regulated; black, no difference
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Figure 2

KEGG pathway analysis. The significant enriched Kyoto Encyclopedia of Genes and Genomes pathways
terms of DEGs
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Figure 3

PPI network. PPI network unveiled that FN1, LTBP1,IGFBP3, COL3A1, COL4A1, FBN1, BDNF, FGF2, TGFBI,
TGFB2 were the first 10 hub genes. Red, up-regulated; blue, down-regulated
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Figure 4

Identification of miRNAs targeting FN1 using the databases of miRNAs (TargetScan, miRDB, and DIANA
Tools).
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Figure 5

The putative binding sites of the predicted miRNAs in the 3’-UTR of FN1.
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Figure 6

qRT-PCR validation of the top ten DEGs. (*P<0.05; n=3)


