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Abstract: Atherosclerosis is a chronic multifactorial inflammatory disease with high worldwide
prevalence, and has become the leading cause of death. In the present study, we analyzed global
gene expression changes in the aorta of Apolipoprotein E (ApoE) null mice fed a high-fat diet by
using RNA-seq. We identified a total of 280 differentially expressed genes, of which 163 genes
were upregulated and 117 genes were downregulated by high-fat diet compared with normal
diet. Functional clustering and gene network analysis revealed that fatty acid metabolic process
is crucial for atherosclerosis. By examining of the promoter regions of differentially expressed
genes, we identified four causal transcription factors. Additionally, through connectivity map (CMap)
analysis, multiple compounds were identified to have anti-atherosclerotic effects due to their ability to
reverse gene expression during atherosclerosis. Our study provides a valuable resource for in-depth
understanding of the mechanism underlying atherosclerosis.
Keywords: ApoE null mice; RNA-seq; atherosclerosis

1. Introduction
Atherosclerosis is a chronic multifactorial inflammatory disease with high prevalence worldwide
and has become the leading cause of death [1]. The principal clinical manifestations of atherosclerosis are
represented by coronary heart disease, cerebral stroke, and peripheral vascular disease. Atherosclerosis
represents a heterogeneous group of pathological phenomena that include endothelium damage,
inflammation, metabolic disorder, cell proliferation, foam cell formation, and soft inflamed atherosclerotic
plaque rupture [2]. The molecular mechanisms underlying atherosclerosis remain unclear.
The mouse has been a powerful model in elucidating the genetic basis of atherogenesis. More than
80 genes have been confirmed to play a role in atherosclerosis by using gene-targeted mice [3].
Apolipoprotein E (ApoE) gene has a central role in lipoprotein metabolism, where it is required for the
efficient clearance of chylomicrons and very-low-density lipoproteins. Notably, the ApoE null mouse
was the first model showing severe and rapid development of atherosclerotic plaques without dietary
intervention [4]. Using ApoE null mice fed with a high-fat diet, a previous study has determined the
global gene expression profiles associated with arthrosclerosis using the microarray approach [5].
RNA-sequencing (RNA-seq), which utilizes the latest massively parallel sequencing, has provided
an alternative way to obtain mRNA expression profile at unprecedented sensitivity and accuracy [6].
In contrast to the microarray, RNA-seq has several advantages. Firstly, it is an unbiased method
which is not limited to detecting pre-designed sequences [6]. Secondly, it does not suffer from
Genes 2017, 8, 289; doi:10.3390/genes8100289

www.mdpi.com/journal/genes

Genes 2017, 8, 289

2 of 10

cross-hybridization since DNA sequences can be mapped to unique regions of the genome [7].
Lastly, it has no upper limit for quantification [8]. In the present study, we took advantage of the
RNA-seq approach to investigate the global gene expression changes in the aorta of ApoE null mice
fed a high-fat diet in comparison to normal diet. Our study contributes to an increase in the knowledge
on molecular mechanisms underlying atherosclerosis.
2. Materials and Methods
2.1. Sample Collection
ApoE-/-mice on the C57BL/6 background were obtained from Vital River Laboratory Animal
Technology Corporation (Beijing, China). Regular chow and high-fat diet were purchased from
Guangdong Medical Lab Animal Center (Foshan, Guangdong, China). Twenty four-week-old male
mice were randomly divided into two groups. The normal diet group was fed with normal chow,
while the treated group was fed with a high-fat diet containing 20% fat and 2.5% cholesterol. The mice
were housed in a temperature-controlled room with 12 h light-dark cycles and free access to water and
food. The treatment duration was eight weeks. At the end of the experiment, the aorta was separated
with general microscope from the start of the ascending aorta to common iliac artery aortic bifurcation.
The adventitia was intact. We selected three aorta samples from each group for RNA-seq analysis.
Another three aorta samples from each group were prepared for further verification of RNA-seq results
using quantitative real-time polymerase chain reaction (qRT-PCR). All these samples were selected
randomly. All animal experiments were approved by the Animal Care and Utilization Committee of
the Southern Medical University. The ethical code number is SYXX(Guangdong)2015-0056.
2.2. RNA-Seq
Total RNA was extracted with the TRIzol reagent (invitrogen, Carlsbad, CA, USA). The RNA
quality control parameters were: A260/A280 ratio > 1.8, A260/A230 ratio > 2.0 and RIN (RNA integrity
number) value > 7.0. The TruSeq RNA sample preparation kit (Illumina, San Diego, CA, USA) was used
to generate RNA-Seq libraries following the manufacturer’s protocol. High throughput sequencing
was conducted on the Illumina HiSeq™ 2500 system. Raw data were aligned to the mouse genome
(mm9) using TopHat with default options [9]. The aligned reads were then provided as an input for
the quantification gene expression using Cufflinks [10]. Differentially expressed genes were chosen
according to the criteria of fold change > 2 and adjusted p-value < 0.05.
2.3. Validation by Quantitative RT-PCR
The total RNA was extracted with RNAiso Plus (TaKaRa Biotechnology, Dalian, China). Reverse
transcription was performed at 37 ◦ C for 15 min followed by 98 ◦ C for 5 min using ReverTra Ace
qPCR RT Kit (Toyobo, Osaka, Japan). Quantitative PCR was performed using THUNDERBIRD SYBR
qPCR Mix (Toyobo, Osaka, Japan) on the Applied Biosystems 7500 (Life Technologies, Foster City, CA,
USA). The program was as follows: 95 ◦ C for 60 s, followed by 40 cycles of 95 ◦ C for 15 s and 60 ◦ C
for 45 s. All reactions were run in triplicate. The β-actin gene was amplified as a reference gene for
normalization. Data were analyzed using 2−∆∆Ct method. Primer sequences were listed in Table S1.
2.4. Gene Ontology (GO) Analysis
GO analysis was performed by using the DAVID tool [11]. The significance cutoff for false
discovery rate (FDR) was set at 0.01. The R package wordcloud was used to generate word cloud for
significantly enriched GO terms. The font sizes in the word cloud were proportional to -log10 of FDR
for each enriched GO terms.
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2.5. Gene Network Analysis
The gene network was generated by using the STRING database v10.0 [12]. The minimum
combined score was set to 0.4 (the median confidence). The Cytoscape software version 3.4
(http://www.cytoscape.org) was applied for visualization and analysis of the gene network.
The degree
distribution
was analyzed by using the Cytoscape plugin, Network Analyzer
[13].
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The degree threshold value for hub genes was the mean plus two standard deviations.
2.5. Gene Network Analysis

2.6. Analysis The
of Transcription
Binding Sites
(TFBS)
gene networkFactor
was generated
by using
the STRING database v10.0 [12]. The minimum
combined score was set to 0.4 (the median confidence). The Cytoscape software version 3.4

The(http://www.cytoscape.org)
putative promoter regions
(1 kb upstream of transcription start site) were retrieved from the
was applied for visualization and analysis of the gene network. The
UCSC Genome
Browser
(http://genome.ucsc.edu/).
TESS
software
version
6.0 degree
[14] was used
degree distribution was analyzed by using the CytoscapeThe
plugin,
Network
Analyzer
[13]. The
to searchthreshold
for matches
matrices
(PWM)
available
in the TRANSFAC database [15].
value of
forposition-weight
hub genes was the mean
plus two
standard
deviations.
The cutoff value for relative score was set at 0.9. Using all genes in the genome as the background,
2.6. Analysis of Transcription Factor Binding Sites (TFBS)
a hypergeometric test with Benjamini–Hochberg multiple test correction was conducted using in-house
promoter
regions
(1 kb
upstream
of transcription
start site)
were retrieved
from theenriched
PERL scripts.The
Inputative
the end,
p-value
< 0.01
was
used as
the significance
threshold
to identify
UCSC Genome Browser (http://genome.ucsc.edu/). The TESS software version 6.0 [14] was used to
transcription factors.

search for matches of position-weight matrices (PWM) available in the TRANSFAC database [15].
The cutoff value for relative score was set at 0.9. Using all genes in the genome as the background, a
2.7. Connectivity Map (CMap) Query
hypergeometric test with Benjamini–Hochberg multiple test correction was conducted using
PERLdownregulated
scripts. In the end, genes
p-value <were
0.01 was
used as the as
significance
threshold
to identify
Thein-house
up- and
designated
the gene
expression
signature.
enriched transcription factors.

These signature genes were submitted simultaneously for CMap query (build02; www.broadinstitute.
org/cmap/).
The enrichment
score
was calculated for each compound using the gene set enrichment
2.7. Connectivity
Map (CMap)
Query
analysis (GSEA)
algorithm
[16].
The up- and downregulated genes were designated as the gene expression signature. These
signature

genes

were

submitted

simultaneously

for

CMap

query

(build02;

3. Results
www.broadinstitute.org/cmap/). The enrichment score was calculated for each compound using the
gene set enrichment analysis (GSEA) algorithm [16].

3.1. Identification of Gene Expression Changes in the Aorta of ApoE Null Mice Fed a High-Fat Diet
3. Results
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Figure 1. Identification of gene expression changes in the aorta of ApoE null mice fed a high-fat diet.
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3.3. Searching for Hub Genes by Gene Network Analysis
3.3. Searching for Hub Genes by Gene Network Analysis
To develop a thorough picture of differentially expressed genes at the systems level, gene network
To develop a thorough picture of differentially expressed genes at the systems level, gene
analysis was performed by using integrative gene–gene interaction data from the STRING database.
network analysis was performed by using integrative gene–gene interaction data from the STRING
The reconstructed gene network consisted of 159 genes and 348 gene–gene interactions (Figure 3A).
database. The reconstructed gene network consisted of 159 genes and 348 gene–gene interactions
Degree distribution analysis showed that the network followed a power-law distribution (Figure 3B)
(Figure
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Figure 4. Analysis of transcription factor binding sites. (A) Transcription factor analysis performed
Figure 4. Analysis of transcription factor binding sites. (A) Transcription factor analysis performed
on the upregulated genes and downregulated genes, respectively; (B) The sequence logo for enriched
on the upregulated genes and downregulated genes, respectively; (B) The sequence logo for enriched
transcription factors.
transcription factors.

3.5. Drug Repositioning via Connectivity Map Analysis of Differentially Expressed Genes
3.5. Drug Repositioning via Connectivity Map Analysis of Differentially Expressed Genes
The upregulated and downregulated genes were designated as a gene expression signature for
The upregulated and downregulated genes were designated as a gene expression signature for
atherosclerosis. To identify compounds that may exert anti-atherosclerotic effects due to their ability
atherosclerosis. To identify compounds that may exert anti-atherosclerotic effects due to their ability to
to reverse gene expression during atherosclerosis, we performed a CMap analysis in which we
reverse gene expression during atherosclerosis, we performed a CMap analysis in which we searched
searched for drugs that have a gene expression pattern negatively correlating to our gene expression
for drugs that have a gene expression pattern negatively correlating to our gene expression signature
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Figure 5. Connectivity map (CMap) analysis. (A) The enrichment scores of the top 10 chemical drugs
Figure 5. Connectivity map (CMap) analysis. (A) The enrichment scores of the top 10 chemical drugs
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4. Discussion
In the present study, we investigated the genome-wide gene expression profiles in the aorta of
ApoE null mice fed a high-fat diet compared with a normal diet using RNA-seq. A total of 280 genes,
including 163 upregulated and 117 downregulated genes, were identified to be differentially
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4. Discussion
In the present study, we investigated the genome-wide gene expression profiles in the aorta of
ApoE null mice fed a high-fat diet compared with a normal diet using RNA-seq. A total of 280 genes,
including 163 upregulated and 117 downregulated genes, were identified to be differentially expressed
between the two groups. Quantitative RT-PCR (qRT-PCR) analysis demonstrated that the expression
trend of selected genes was consistent with RNA-seq, suggesting that our data were of high quality.
In order to explore the functions of these differentially expressed genes, we conducted gene
ontology (GO) and pathway analysis. As expected, we found fatty acid metabolic process was the
most enriched term under the biological process (BP) category of GO. Notably, inflammatory response
was also enriched, although not among the top-ranked GO terms. In addition, we found that PPAR
signaling pathway was the most enriched pathway in KEGG pathway analysis. PPAR signaling
pathway plays a central role in fatty acid metabolic process and atherosclerosis [18]. Network analysis
was performed to identify seven hub genes: acetyl-coenzyme A carboxylase alpha (Acaca), peroxisome
proliferator activated receptor gamma (Pparg), uncoupling protein 1 (Ucp1), fatty acid binding protein
4 (Fabp4), patatin-like phospholipase domain containing 2 (Pnpla2), guanine nucleotide binding
protein alpha transducing 3 (Gnat3), and stearoyl-coenzyme A desaturase 1 (Scd1). Acaca is an
important enzyme involved in the synthesis of saturated fatty acids, which is a known risk factor
for cardiovascular diseases. Pparg plays a crucial role in the expression of key genes involved in
adipogenesis, and lipid and glucid metabolism. Conditional knockout of macrophage Pparg increases
atherosclerosis in C57BL/6 and low-density lipoprotein receptor-deficient mice [19]. Ucp1 is a key
mitochondrial protein involved in thermogenesis in brown adipose tissue. Ucp1 over-expression in
aortic smooth muscle cells causes hypertension and increases dietary atherosclerosis without affecting
cholesterol levels [20]. Fabp4 belongs to a family of intracellular lipid chaperones that is expressed
in active lipid metabolic tissues. The impact of Fabp4 on atherosclerosis is mainly due to the role
of this molecule in macrophages and dendritic cells [21]. The pharmacological inhibition of Fabp4
significantly protected against atherosclerotic plaque formation in the ApoE-deficient animal model of
atherosclerosis [22]. The Pnpla2 gene encodes an enzyme called adipose triglyceride lipase (ATGL),
which plays a role in breaking down triglycerides. Deficiency of ATGL in macrophages resulted
in reduced atherosclerosis susceptibility [23]. Gnat3 plays a prominent role in taste transduction.
The role of Gnat3 in atherosclerosis is unknown. Scd1 is an endoplasmic reticulum enzyme that
catalyzes the rate-limiting step in the formation of monounsaturated fatty acids. Scd1 inhibition
reduces atherosclerosis in cholesterol-fed C57BL/6J mice exposed to chronic intermittent hypoxia
(CIH) [24]. These hub genes are likely more important than other genes due to their key positions in
the network. According to GO annotations, all these hub genes except Gnat3, are involved in fatty acid
metabolic process. Thus, the network analysis once again highlights the role of fatty acid metabolic
process in atherosclerosis.
Furthermore, we predicted the transcription factors which might drive the expression of
differentially expressed genes by enrichment test. We found that the binding sites of LXR (M00766),
SREBP-1 (M00749), and LBP-1 (M00644) were significantly over-represented among upregulated
genes. LXR (liver X receptor) is known to modulate cholesterol and fatty acid homeostasis as well
as inflammation in macrophages in the context of atherosclerosis [25]. SREBP-1 (sterol regulatory
element-binding transcription factor 1) belongs to a family of basic helix-loop-helix-leucine zipper
(bHLHLZ) transcription factors [26]. Known target genes of SREBP-1 are involved in cholesterol
biosynthesis and transport [27,28]. Interestingly, two hub genes for differentially expressed gene
network, Ucp1 and Pnpla2, are predicted target genes for SREBP-1 in our transcription factor analysis.
This result indicates that SREBP-1 may be a crucial regulator for differentially expressed genes.
LBP-1 (upstream binding protein 1) is a member of the NTF (neurogenic element binding transcription
factor) family of transcription factors. Currently, little is known about the role of LBP-1 in regulating
atherosclerosis. Only the NF-κB (M00052) binding sites were significantly over-represented among
downregulated genes. NF-κB (nuclear factor kappa-light-chain-enhancer of activated B cells) is a
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protein complex that controls immune response, cytokine production, and cell survival [29]. Previous
studies have shown that NF-κB inhibition reduces foam cell formation and atherosclerotic plaque
accumulation [30,31]. Although nearly equal number of target genes can be activated and repressed by
NF-κB respectively [32], the studies on repressed target genes of NF-κB are sparse. Hence, these four
transcription factors deserve further investigation.
Using the CMap, we were able to identify compounds with a negatively correlating gene
expression profile to that of differentially expressed genes. The top 10 most promising repositioned
compounds were: felodipine, tanespimycin, diethylstilbestrol, nifuroxazide, carisoprodol, nifurtimox,
iopanoic acid, (+/-)-catechin, colistin, and colecalciferol. Felodipine is a calcium channel blocker which
is used to treat high blood pressure. We predicted that felodipine is able to reverse the expression
of 24 upregulated genes and 13 downregulated genes. The top-ranked upregulated gene is Acaca.
Acaca has been identified as a hub gene in our network analysis. Felodipine represses the expression of
Acaca, raising the possibility that the anti-atherosclerotic role of felodipine may be exerted by reducing
saturated fatty acid synthesis via Acaca. Thus, felodipine deserves further investigation. By acting
as a potent HSP90 inhibitor, tanespimycin is an antibiotic being studied in the treatment of cancers.
Diethylstilbestrol is a synthetic form of the female hormone estrogen. Nifuroxazide is a nitrofuran
antibiotic and is used to treat colitis and diarrhea. Carisoprodol is a muscle relaxant. It may work by
altering communication among nerves in parts of the brain that control the sensation of pain and in
the spinal cord. Nifurtimox is a nitrofuran derivative with antiprotozoal and potential antineoplastic
activities. Iopanoic acid is a potent inhibitor of thyroid hormone release from thyroid gland, as well
as of peripheral conversion of thyroxine (T4) to triiodothyronine (T3). (+/-)-catechin is a flavan-3-ol,
a type of natural phenol and antioxidant. Colistin is an antibiotic produced by certain strains of the
bacteria Paenibacillus polymyxa, which is effective against most Gram-negative bacilli. Cholecalciferol,
also known as vitamin D3, is a type of vitamin D found in food and used as a dietary supplement.
These results demonstrate the validity of our CMap analysis, because estrogen and vitamin D are
well-known to have beneficial effects on heart and vessels [33,34].
Finally, our study has some limitations. One clear limitation is the complex cell-type composition
of the aorta samples. There are many different cell types including endothelial cells, smooth muscle
cells, and macrophages. It is undoubtedly that application of laser-capture microdissection (LCM) to
dissect the atherosclerotic plaque will provide a better resolution of the atherosclerotic transcriptome.
Recently, considerable progress in RNA-seq technologies makes it possible to study the transcriptome
of a single cell [35]. However, like LCM, the compromised sensitivity is the limiting factor for this
approach at the moment [36]. Another limitation of the study is that the whole aorta was used
for RNA-seq. Atherosclerotic lesions do not occur at random sites [37]. For example, the inner
curvature of the aortic archa is an athero-susceptible site, whereas the descending thoracic aorta is an
athero-protected region. This difference should be taken into consideration in further studies.
In conclusion, in the present study, using RNA-seq, we analyzed the transcriptomic differences in
the aorta of ApoE null mice fed a high-fat diet compared with a normal diet. Our study provides a
valuable resource for in-depth understanding of the molecular mechanisms underlying atherosclerosis.
Supplementary Materials: The following are available online at www.mdpi.com/2073-4425/8/10/289/s1.
Table S1: Primers used in this study for quantitative RT-PCR analysis, Table S2: The complete gene list of
differentially expressed genes (fold change > 2 and adjusted p-value < 0.05). Table S3: Up-regulated genes in AS
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with the potential to be induced by filodipine revealed by CMap analysis.
Acknowledgments: This work was funded by the Presidential Foundation of the Nanfang Hospital of Southern
Medical University, China (grant No. 2016C074 to D.X.).
Author Contributions: D.X. and H.C. conceived and designed the experiments; D.X. and J.Z. performed the
experiments; D.X., M.Z., W.F., and Z.G. analyzed the data; D.X. and M.Z. wrote the paper.
Conflicts of Interest: The authors declare no conflict of interest. The founding sponsors had no role in the design
of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, and in the
decision to publish the results.

Genes 2017, 8, 289

9 of 10

References
1.

2.
3.
4.
5.

6.
7.
8.
9.
10.

11.

12.

13.
14.
15.
16.

17.
18.

19.

20.

21.

GBD Risk Factors Collaborators 2015. Global, regional, and national comparative risk assessment of
79 behavioural, environmental and occupational, and metabolic risks or clusters of risks, 1990–2015:
A systematic analysis for the global burden of disease study 2015. Lancet 2016, 388, 1659–1724.
Ross, R. Atherosclerosis—An inflammatory disease. N. Engl. J. Med. 1999, 340, 115–126. [CrossRef] [PubMed]
Wang, X.; Ishimori, N.; Korstanje, R.; Rollins, J.; Paigen, B. Identifying novel genes for atherosclerosis through
mouse-human comparative genetics. Am. J. Hum. Genet. 2005, 77, 1–15. [CrossRef] [PubMed]
Zhang, S.H.; Reddick, R.L.; Piedrahita, J.A.; Maeda, N. Spontaneous hypercholesterolemia and arterial
lesions in mice lacking apolipoprotein e. Science 1992, 258, 468–471. [CrossRef] [PubMed]
Yuan, Z.; Miyoshi, T.; Bao, Y.; Sheehan, J.P.; Matsumoto, A.H.; Shi, W. Microarray analysis of gene expression
in mouse aorta reveals role of the calcium signaling pathway in control of atherosclerosis susceptibility.
Am. J. Physiol. Heart Circ. Physiol. 2009, 296, H1336–H1343. [CrossRef] [PubMed]
Wang, Z.; Gerstein, M.; Snyder, M. RNA-seq: A revolutionary tool for transcriptomics. Nat. Rev. Genet. 2009,
10, 57–63. [CrossRef] [PubMed]
Mortazavi, A.; Williams, B.A.; McCue, K.; Schaeffer, L.; Wold, B. Mapping and quantifying mammalian
transcriptomes by RNA-seq. Nat. Methods 2008, 5, 621–628. [CrossRef] [PubMed]
Garber, M.; Grabherr, M.G.; Guttman, M.; Trapnell, C. Computational methods for transcriptome annotation
and quantification using RNA-seq. Nat. Methods 2011, 8, 469–477. [CrossRef] [PubMed]
Trapnell, C.; Pachter, L.; Salzberg, S.L. Tophat: Discovering splice junctions with RNA-seq. Bioinformatics
2009, 25, 1105–1111. [CrossRef] [PubMed]
Trapnell, C.; Roberts, A.; Goff, L.; Pertea, G.; Kim, D.; Kelley, D.R.; Pimentel, H.; Salzberg, S.L.; Rinn, J.L.;
Pachter, L. Differential gene and transcript expression analysis of RNA-seq experiments with tophat and
cufflinks. Nat. Protoc. 2012, 7, 562–578. [CrossRef] [PubMed]
Huang, D.W.; Sherman, B.T.; Tan, Q.; Kir, J.; Liu, D.; Bryant, D.; Guo, Y.; Stephens, R.; Baseler, M.W.;
Lane, H.C.; et al. DAVID bioinformatics resources: Expanded annotation database and novel algorithms to
better extract biology from large gene lists. Nucleic Acids Res. 2007, 35, W169–W175. [CrossRef] [PubMed]
Szklarczyk, D.; Franceschini, A.; Wyder, S.; Forslund, K.; Heller, D.; Huerta-Cepas, J.; Simonovic, M.; Roth, A.;
Santos, A.; Tsafou, K.P.; et al. String v10: Protein-protein interaction networks, integrated over the tree of life.
Nucleic Acids Res. 2015, 43, D447–D452. [CrossRef] [PubMed]
Assenov, Y.; Ramirez, F.; Schelhorn, S.E.; Lengauer, T.; Albrecht, M. Computing topological parameters of
biological networks. Bioinformatics 2008, 24, 282–284. [CrossRef] [PubMed]
Schug, J. Using tess to predict transcription factor binding sites in DNA sequence. Curr. Protoc. Bioinform. 2008.
[CrossRef]
Wingender, E.; Dietze, P.; Karas, H.; Knuppel, R. Transfac: A database on transcription factors and their
DNA binding sites. Nucleic Acids Res. 1996, 24, 238–241. [CrossRef] [PubMed]
Lamb, J.; Crawford, E.D.; Peck, D.; Modell, J.W.; Blat, I.C.; Wrobel, M.J.; Lerner, J.; Brunet, J.P.;
Subramanian, A.; Ross, K.N.; et al. The connectivity map: Using gene-expression signatures to connect small
molecules, genes, and disease. Science 2006, 313, 1929–1935. [CrossRef] [PubMed]
Barabasi, A.L.; Oltvai, Z.N. Network biology: Understanding the cell's functional organization.
Nat. Rev. Genet. 2004, 5, 101–113. [CrossRef] [PubMed]
Ivanova, E.A.; Myasoedova, V.A.; Melnichenko, A.A.; Orekhov, A.N. Peroxisome proliferator-activated
receptor (PPAR) gamma agonists as therapeutic agents for cardiovascular disorders: Focus on atherosclerosis.
Curr. Pharm. Des. 2017, 23, 1119–1124. [CrossRef] [PubMed]
Costa, V.; Gallo, M.A.; Letizia, F.; Aprile, M.; Casamassimi, A.; Ciccodicola, A. PPARG: Gene expression
regulation and next-generation sequencing for unsolved issues. PPAR Res. 2010, 2010, 409168. [CrossRef]
[PubMed]
Bernal-Mizrachi, C.; Gates, A.C.; Weng, S.; Imamura, T.; Knutsen, R.H.; DeSantis, P.; Coleman, T.;
Townsend, R.R.; Muglia, L.J.; Semenkovich, C.F. Vascular respiratory uncoupling increases blood pressure
and atherosclerosis. Nature 2005, 435, 502–506. [CrossRef] [PubMed]
Rodriguez-Calvo, R.; Girona, J.; Alegret, J.M.; Bosquet, A.; Ibarretxe, D.; Masana, L. Role of the fatty
acid-binding protein 4 in heart failure and cardiovascular disease. J. Endocrinol. 2017, 233, R173–R184.
[CrossRef] [PubMed]

Genes 2017, 8, 289

22.

23.

24.

25.

26.

27.
28.
29.
30.

31.

32.
33.

34.

35.
36.
37.

10 of 10

Furuhashi, M.; Tuncman, G.; Gorgun, C.Z.; Makowski, L.; Atsumi, G.; Vaillancourt, E.; Kono, K.; Babaev, V.R.;
Fazio, S.; Linton, M.F.; et al. Treatment of diabetes and atherosclerosis by inhibiting fatty-acid-binding
protein ap2. Nature 2007, 447, 959–965. [CrossRef] [PubMed]
Lammers, B.; Chandak, P.G.; Aflaki, E.; Van Puijvelde, G.H.; Radovic, B.; Hildebrand, R.B.; Meurs, I.; Out, R.;
Kuiper, J.; Van Berkel, T.J.; et al. Macrophage adipose triglyceride lipase deficiency attenuates atherosclerotic
lesion development in low-density lipoprotein receptor knockout mice. Arterioscler. Thromb. Vasc. Biol. 2011,
31, 67–73. [CrossRef] [PubMed]
Lupi, R.; Dotta, F.; Marselli, L.; Del Guerra, S.; Masini, M.; Santangelo, C.; Patane, G.; Boggi, U.; Piro, S.;
Anello, M.; et al. Prolonged exposure to free fatty acids has cytostatic and pro-apoptotic effects on human
pancreatic islets: Evidence that beta-cell death is caspase mediated, partially dependent on ceramide pathway,
and bcl-2 regulated. Diabetes 2002, 51, 1437–1442. [CrossRef] [PubMed]
Varin, A.; Thomas, C.; Ishibashi, M.; Menegaut, L.; Gautier, T.; Trousson, A.; Bergas, V.; de Barros, J.P.;
Narce, M.; Lobaccaro, J.M.; et al. Liver X receptor activation promotes polyunsaturated fatty acid synthesis in
macrophages: Relevance in the context of atherosclerosis. Arterioscler. Thromb. Vasc. Biol. 2015, 35, 1357–1365.
[CrossRef] [PubMed]
Yokoyama, C.; Wang, X.; Briggs, M.R.; Admon, A.; Wu, J.; Hua, X.; Goldstein, J.L.; Brown, M.S. SREBP-1,
a basic-helix-loop-helix-leucine zipper protein that controls transcription of the low density lipoprotein
receptor gene. Cell 1993, 75, 187–197. [CrossRef]
Brown, M.S.; Goldstein, J.L. The SREBP pathway: Regulation of cholesterol metabolism by proteolysis of a
membrane-bound transcription factor. Cell 1997, 89, 331–340. [CrossRef]
Brown, M.S.; Goldstein, J.L. A proteolytic pathway that controls the cholesterol content of membranes, cells,
and blood. Proc. Natl. Acad. Sci. USA 1999, 96, 11041–11048. [CrossRef] [PubMed]
Baldwin, A.S., Jr. The nf-kappa b and i kappa b proteins: New discoveries and insights. Annu. Rev. Immunol.
1996, 14, 649–683. [CrossRef] [PubMed]
Ferreira, V.; van Dijk, K.W.; Groen, A.K.; Vos, R.M.; van der Kaa, J.; Gijbels, M.J.; Havekes, L.M.; Pannekoek, H.
Macrophage-specific inhibition of NF-kappaB activation reduces foam-cell formation. Atherosclerosis 2007,
192, 283–290. [CrossRef] [PubMed]
Plotkin, J.D.; Elias, M.G.; Dellinger, A.L.; Kepley, C.L. NF-kappaB inhibitors that prevent foam cell formation
and atherosclerotic plaque accumulation. Nanomed. Nanotechnol. Biol. Med. 2017, 13, 2037–2048. [CrossRef]
[PubMed]
Xing, Y.; Zhou, F.; Wang, J. Subset of genes targeted by transcription factor NF-kappaB in
TNFalpha-stimulated human hela cells. Funct. Integr. Genom. 2013, 13, 143–154. [CrossRef] [PubMed]
Grubler, M.R.; Marz, W.; Pilz, S.; Grammer, T.B.; Trummer, C.; Mullner, C.; Schwetz, V.; Pandis, M.;
Verheyen, N.; Tomaschitz, A.; et al. Vitamin-D concentrations, cardiovascular risk and events—A review of
epidemiological evidence. Rev. Endocr. Metab. Disord. 2017, 18, 259–272. [CrossRef] [PubMed]
Boese, A.C.; Kim, S.C.; Yin, K.J.; Lee, J.P.; Hamblin, M.H. Sex differences in vascular physiology
and pathophysiology: Estrogen and androgen signaling in health and disease. Am. J. Physiol. Heart
Circ. Physiol. 2017. [CrossRef] [PubMed]
Kolodziejczyk, A.A.; Kim, J.K.; Svensson, V.; Marioni, J.C.; Teichmann, S.A. The technology and biology of
single-cell RNA sequencing. Mol. Cell 2015, 58, 610–620. [CrossRef] [PubMed]
Saliba, A.E.; Westermann, A.J.; Gorski, S.A.; Vogel, J. Single-cell RNA-seq: Advances and future challenges.
Nucleic Acids Res. 2014, 42, 8845–8860. [CrossRef] [PubMed]
Cornhill, J.F.; Herderick, E.E.; Stary, H.C. Topography of human aortic sudanophilic lesions.
Monographs Atheroscler. 1990, 15, 13–19.
© 2017 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

