
Abstract. – BACKGROUND: Familial com-
bined hyperlipidemia (FCHL) is the most common-
ly inherited hyperlipidemia in men. It constitutes a
substantial risk factor for atherosclerosis patients.

AIM: To delineating the potential mechanism
of FCHL by bioinformatics tools.

MATERIALS AND METHODS: In this study,
Protein-Protein Interaction (PPI) network was
constructed to identify the potential functional
proteins and their interactive relationships in fa-
milial combined hyperlipidemia.

RESULTS: Our results showed that androgen re-
ceptor (AR) might play an important role in familial
combined hyperlipidemia by interaction with TGIF1,
NR3C1, KLK2, etc. Some pathways were also iden-
tified, such as Hedgehog signaling pathway, Phos-
phatidylinositol signaling system, and Long-term
depression, which were all demonstrated partici-
pating in lipid metabolism in previous experiments.

CONCLUSIONS: Although lack of direct evi-
dence, by PPI network construction it proved AR
is a key factor in FCHL, and also demonstrated
that PPI network construction is an alternative av-
enue for FCHL analysis.

Key Words:
Familial combined hyperlipidemia, Androgen re-

ceptor, Signaling pathway.

Introduction

Familial combined hyperlipidemia (FCHL) is
a common genetic lipid disorder in men charac-
terized by elevated levels of plasma total choles-
terol, triglycerides, apolipoprotein (apo) B, and
apoC3 resulting from hepatic VLDL secretion1.
In addition, insulin resistance of adipose tissue
and muscle has been documented in FCHL as
well. Adipose tissue is one of the major contribu-
tors of free fatty acids (FFA) in the circulation.
High levels of FFA in the circulation may lead to
both a decrease in insulin-stimulated glucose up-
take in skeletal muscle and an increase in hepatic
VLDL lipoprotein synthesis2. Consequently,
FCHL showed clinical manifestations of prema-
ture coronary heart disease i.e., atherosclerosis.
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In recent years, many candidate genes have
been identified to be related with FCHL pheno-
type. Such as the upstream transcription factor 1
(USF1), is a transcription factor known to regu-
late the expression of a number of genes partici-
pating in glucose and lipid metabolism, there-
fore, it provides an excellent candidate for
FCHL. USF1 further regulates the expression of
several genes that participate in glucose and
lipid metabolism, such as apolipoprotein C3
(APOC3), apolipoprotein A2 (APOA2), hormone
sensitive lipase (LIPE), hepatic lipase (LIPC),
glucokinase(GCK), insulin(INS), glucagon re-
ceptor (GCGR), fatty acid synthase (FAS),
acetyl-CoA carboxylase alpha (ACACA) and
plasminogen activator inhibitor-1 (PAI1)3. The
hepatic nuclear factor 4 alpha (HNF4A) is also
associated with high serum lipid levels and the
metabolic syndrome in FCHL families, which al-
so could regulate multiple genes expression. Be-
sides, the tumor necrosis factor receptor super-
family member 1B (TNFRSF1B) gene and cho-
lesteryl ester transfer protein (CETP) have been
shown to influence the FCHL phenotype in re-
cent researches4-5. In brief, these candidate gene
studies could lay certain theoretical foundation
for FCHL treatment.

PPI network analysis as a shortcut approach is
applied to investigate physiological mechanisms in
health and disease6. In this study, we used a similar
strategy to identify functional genes and signaling
pathways in FCHL, with hoping to establish a theo-
retical foundation for the future research.

Materials and Methods

Data Source

Affymetrix Microarray Data
The transcr ipt ion profi le of GSE1010

w a s obtained from NCBI GEO database
(http://www.ncbi.nlm.nih.gov/geo/) which is based
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on the Affymetrix Human Genome U133A Array.
Here, 12 FCHL patients and 12 normal samples as
control were used to study the related genes.

Pathway Data
KEGG (Kyoto Encyclopedia of Genes and

Genomes) is a collection of online databases
dealing with genomes, enzymatic pathways, and
biological chemicals7. The pathway database
records networks of molecular interactions in the
cells, and variants of them specific to particular
organisms (http://www.genome.jp/kegg/). Total
130 pathways, involving 2287 genes, were col-
lected from KEGG.

Protein-Protein Interaction (PPI) Data
The Human Protein Reference Database

(HPRD)8 is a protein database accessible through
the internet. The Biological General Repository
for Interaction Datasets (BIOGRID9 is a curated
biological database of protein-protein and genet-
ic interactions.

Collect the protein-protein interaction (PPI)
data from the HPRD and BIOGRID database.
Total 326119 unique PPI pairs were collected in
which 39240 pairs are from HPRD and 379426
pairs are from BIOGRID.

Methods

Differentially Expressed Genes (DEGs)
Analysis

For the GSE1010 dataset, the limma method10

was used to identify differentially expressed
genes (DEGs). The original expression datasets
from all conditions were extracted into expres-
sion estimates, and then constructed the linear
model. The DEGs only with the fold change val-
ue larger than 2 and p-value less than 0.05 were
selected.

Co-expression Analysis
For demonstrating the potential PPI relation-

ship, the Pearson Correlation Coefficient (PCC)
was calculated for all pair-wise comparisons of
gene-expression values between TFs and the
DEGs. The PPI relationships whose absolute
PCC are larger than 0.6 were considered as sig-
nificant.

Gene Ontology Analysis
DAVID11, a high-throughput and integrated

data-mining environment, analyzes gene lists de-

rived from high-throughput genomic experi-
ments. Use the DAVID to identify over-repre-
sented gene ontology (GO) categories in biologi-
cal process.

PPI Network Construction
Using the PPI data that have been collected

from HPRD and BIOGRID database, we
matched the interactions between two DEGs.
Then selected the interaction that PCC of the two
DEGs is large than 0.6 as the candidate relation-
ships.

Significance Analysis of Pathway
Under PPI Data

To determine the co-expressed significance of
a gene pair in disease cases, we used the PCC
test to calculate the p-value.

Map those p-values to the nodes and edges in
the PPI network. The following formula is used
to define a function as the combination of statis-
tical significance of an interaction by a scoring
scheme. The detail description could be seen in
Liu et al12.

S(e) = f [diff(x), corr(x, y), diff(y)]

= –2 ∑k

i=l
loge (pi)

The diff(x) and diff(y) are differential expres-
sion assessments of gene x and gene y, respec-
tively. corr(x‚y) represents their correlation be-
tween gene x and gene y. f is a general data inte-
gration method that can handle multiple data
sources differing in statistical power. Where k =
3, p1 and p2 are the p-values of differential ex-
pression of two nodes, p3 is the p-value of their
co-expression.

To define the significance of a pathway P, Sp,
we summarize all the scores of edges S(e) of
every pathway,

Sp = ∑ S(e)
e∈p

To estimate a p-value for significance of this
pathway, we iteratively compute similar scores
105 times on randomly generated pathways of the
same size as that of pathway P. The frequency of
scores that are larger than Sp is used as the sig-
nificance p-value of pathway P.

Significance Analysis of Pathway
We adopted an impact analysis that includes

the statistical significance of the set of pathway
genes but also considers other crucial factors
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Results

PPI Network in FCHL
To get DEGs of FCHL, we obtained publicly

available microarray data sets GSE1010 from
GEO. After microarray analysis, the differential-
ly expressed genes (DEGs) with the fold change
> 2 and p-value < 0.05 were selected. 232 genes
were selected as DEGs from GSE1010. Then we
select 56 DEGs randomly to construct PPI net-
work, and 56 edges were obtained. From the re-
sult, it showed that AR protein has the high de-
gree in the network with the p-value 0.045 (Fig-
ure 1).

GO Analysis of the PPI Network in FCHL
We used 56 DEGs in the PPI network (Figure

1) to do the GO enrichment analysis. In order to
get more credible result, the p-value < 0.01 and
FDR <0.05 one were selected. Several Gene On-
tology (GO) categories were enriched among
these genes in the PPI network, including regula-
tion of cell proliferation, enzyme linked receptor
protein signaling pathway, protein amino acid
phosphorylation and so on (Table I).

Significant Pathway Under
Protein-Protein Interactions

Through weighting the network edges by inte-
grating gene expression and co-expression data
in FCHL (see Methods), we can evaluate if the
interactions among those pathways are signifi-
cant or not, and each pathway got a Sp score. Af-
ter sorting all related pathways base on the score
of Sp with the p-value < 0.05, we lists the top 10
significant pathways in Table II.

Significant Pathway in FCHL Base on
the Hypergeometric Distribution

To identify the relevant pathways changed in
FCHL, we used a statistical approach on path-
way level. Significance analysis at single gene
level may suffer from the limited number of
samples and experimental noise that can se-
verely limit the power of the chosen statistical
test. Pathway can provide an alternative way to
relax the significance threshold applied to sin-
gle genes and may lead to a better biological
interpretation. So, we adopted a pathway based
impact analysis method that contained many
factors including the statistical significance of
the set of differentially expressed genes in the
pathway, the magnitude of each gene’s expres-
sion change, the topology of the signaling path-

such as the magnitude of each gene’s expression
change, the topology of the signaling pathway,
their interactions, etc13. In this model, the Impact
Factor (IF) of a pathway Pi is calculated as the
sum of two terms:

∑ [PF(g)]
1 g∈Pi

IF(Pi) = log (––––) + –––––––––––––––––
pi [VE] · Nde(Pi)

The first term is a probabilistic term that cap-
tures the significance of the given pathway Pi
from the perspective of the set of genes con-
tained in it.

It is obtained by using the hyper geometric
model in which Pi is the probability of obtaining
at least the observed number of differentially ex-
pressed gene, Nde, just by chance14-15.

The second term is a functional term that de-
pends on the identity of the specific genes that
are differentially expressed as well as on the in-
teractions described by the pathway (i.e., its
topology).

The second term sums up the absolute values
of the perturbation factors (PFs) for all genes g
on the given pathway Pi.

The PF of a gene g is calculated as follows:
PF(u)

PF(g) = VE(g) + ∑ βug · –––––––––
u∈USg Nds(u)

In this equation, the first term ∆E (g) captures
the quantitative information measured in the gene
expression experiment. The factor ∆E (g) repre-
sents the normalized measured expression change
of the gene g. The first term ∆E (g) in the above
equation is a sum of all PFs of the genes u directly
upstream of the target gene g, normalized by the
number of downstream genes of each such gene
Nds (u), and weighted by a factor βug, which re-
flects the type of interaction: βug = 1 for induction,
βug = −1 for repression (KEGG supply this infor-
mation about the type of interaction of two genes
in the description of the pathway topology). USg is
the set of all such genes upstream of g. We need to
normalize with respect to the size of the pathway
by dividing the total perturbation by the number of
differentially expressed genes on the given path-
way, Nde (Pi). In order to make the IFs as indepen-
dent as possible from the technology, and also
comparable between problems, we also divide the
second term in equation 1 by the mean absolute
fold change ∆E, calculated across all differentially
expressed genes.
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Figure 1. PPI network of FCHL. The nodes strand for the DEGs with the p-value range from 0 to 0.05, less p-value large
node size. The edges stand for the connections between the two nodes.

Category Term Count Percent p-value FDR

BP GO:0042127~regulation of cell proliferation 16 28.57143 2.03E-07 3.26E-04
BP GO:0007167~enzyme linked receptor protein 11 19.64286 6.94E-07 0.001115

signaling pathway
BP GO:0006468~protein amino acid phosphorylation 14 25 1.23E-06 0.001971
BP GO:0008284~positive regulation of 11 19.64286 3.88E-06 0.006242

cell proliferation
BP GO:0016310~phosphorylation 14 25 9.08E-06 0.014604
BP GO:0010604~positive regulation of 14 25 1.90E-05 0.03053

macromolecule metabolic process
BP GO:0045935~positive regulation of nucleobase, 12 21.42857 2.39E-05 0.038434

nucleoside, nucleotide and nucleic acid
metabolic process

Table I. GO enrichment analysis of biological process.



way, their interactions and so on. The impact
analysis method yields many significant path-
ways contained Phosphatidylinositol signaling
system, Gap junction, Circadian rhythm and so
on (Table III).

Merge the two Significant
Pathway Methods

We merged the significant signaling pathways
got by protein-protein interaction method and
method based on hypergeometric distribution
that p-value <0.01. Only the Hedgehog signaling
pathway was selected.

Discussion

From the results of PPI network construc-
tion in FCHL, we found that androgen receptor
(AR) might participate in FCHL by interaction
with other proteins, such as TGIF1, NR3C1,
KLK2, etc. Besides, Hedgehog signaling path-
way, phosphatidylinositol signaling system,

and long-term depression were all identified
related with FCHL. We would discuss the as-
sociated relationship based on previous studies
as follows.

AR (androgen receptor) gene is more than 90
kb long and codes for a protein that has 3 major
functional domains: the N-terminal domain,
DNA-binding domain, and androgen-binding do-
main. The protein functions as a steroid-hormone
activated transcription factor. Upon binding the
hormone ligand, the receptor dissociates from ac-
cessory proteins, translocates into the nucleus,
dimerizes, and then stimulates transcription of
androgen responsive genes. Subjects with the
Trp64Arg genotype of the beta3-AR gene had
higher rates of glucose oxidation and lower lev-
els of free fatty acids (FFAs) in the fasting state
and during the euglycemic clamp than subjects
with the Trp64Trp genotype, which indicated
that in FCHL families, codon 64 polymorphism
of the beta3-AR gene may influence the rate of
glucose oxidation via FFA levels16.

TGIF1 protein is a homeodomain transcription
repressor that was shown to bind to the retinoid
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Input % pathway Corrected
Impact Genes in genes in genes gamma

Pathway name factor pathway# pathway# in input p-value

Phosphatidylinositol signaling system 48.595 76 4 5.263 3.90E-20
Gap junction 10.771 96 3 3.125 2.47E-04
Circadian rhythm 10.049 13 1 7.692 4.78E-04
Long-term potentiation 8.762 73 3 4.11 0.001528
Calcium signaling pathway 8.405 182 8 4.396 0.002104
Long-term depression 7.4 75 4 5.333 0.005135
Adherens junction 6.534 78 4 5.128 0.010948
Chronic myeloid leukemia 5.343 75 5 6.667 0.030329
Hedgehog signaling pathway 5.244 57 4 7.018 0.032963
Pathways in cancer 5.094 330 11 3.333 0.037377

Table III. Significant pathway analysis result.

KEGGID Description Score p-value

hsa04330 Notch signaling pathway 10029834 0
hsa04062 Chemokine signaling pathway 8059321 0
hsa04140 Regulation of autophagy 6550331 0
hsa04060 Cytokine-cytokine receptor interaction 5671081 1.00E-05
hsa05322 Systemic lupus erythematosus 4477764 0
hsa03420 Nucleotide excision repair 3591123 7.00E-05
hsa04621 NOD-like receptor signaling pathway 2188797 0.0152
hsa04012 ErbB signaling pathway 2183395 0
hsa04310 Wnt signaling pathway 1936697 0.00306
hsa00534 Glycosaminoglycan biosynthesis – heparan sulfate 773256.2 0.0008

Table II. Significant pathway analysis base on the PPI.
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receptor (RXR) response element and inhibit
RXR-mediated transcription by competitive
DNA binding to an overlapping site. In addition,
the protein is an active transcriptional co-repres-
sor of SMAD2 and may participate in the trans-
mission of nuclear signals during development.
Several studies have examined networks in-
volved in the FCHL atherosclerosis inflammato-
ry response in macrophages. The results showed
that TGIF1 was identified as a potential novel
transcriptional regulator17. However, another
study showed that TGIF1 selectively represses
AR-mediated transcription from several AR-re-
sponsive promoters. The repression is mediated
through binding of TGIF to the DNA binding do-
main of AR18. Therefore, we supposed that
TGIF1 may interact with AR to regulate athero-
sclerosis induced by FCHL.

Hedgehog signaling was found to play a regu-
latory role in FCHL atherosclerosis development
and progression by downstream effectors genes
such as transforming growth factorβ (TGFβ) and
bone morphogenic protein (BMP), and its inhibi-
tion reduced plasma cholesterol levels19. FCHL
patients showed significantly increased levels of
7β-hydroxycholesterol compared with the con-
trol. In the Hedgehog protein processing domain,
7β-hydroxycholesterol was demonstrated to be
the only oxysterol (oxidized derivatives of cho-
lesterol) to retain full activity in the ability to
substitute cholesterol in the processing domain-
mediated transfer reaction. This particular prop-
erty of 7β-hydrocholesterol raises the possibility
that Hedgehog signaling proteins may be modi-
fied by oxidative stress driven by-products in
FCHL20.

APOA5 is suggested to reduce plasma triglyc-
erides. Over-expression of APOA5 has been
shown to lower triglycerides in mice and ApoA5
knockout mice have severe hypertriglyceridemia.
However, phosphorylation of USF1 by phos-
phatidylinositol 3-kinase prevents it from bind-
ing to the APOA5 E-box motif promotor, thereby
modulating its ability to transactivate APOA5
expression in FCHL21.

G-substrate gene (GSBS) variation (-1323
T>C) could modify the lipoprotein phenotype of
plasma cholesterol and HDL-cholesterol in
FCHL patients. GSBS was originally identified
as a gene coding an endogenous substrate for
cyclic guanosine monophosphate (cGMP)-de-
pendent protein kinase that exists in cerebellar
Purkinje cells, and it is possibly involved in the
induction of long-term depression. The expres-
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sion of GSBS in the hypothalamus may indicate
that GSBS effect for food intake by the hypothal-
amo-pituitary-adrenal axis22.

Conclusions

Relative salient results were obtained by PPI
network analysis in our work. Hedgehog signal-
ing, phosphorylation signaling, and long-term
depression were all demonstrated participating in
cholesterol metabolism to influence FCHL in the
end likely. However, because lack of direct evi-
dence, the results about AR interacting with oth-
er proteins TGIF1, NR3C1, KLK2, etc are indis-
pensable to perform further experiments to con-
firm this conclusion.
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