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Abstract 
Background: Gene identification represents the first step to a better 

understanding of the physiological role of the underlying protein and disease 

pathways, which in turn serves as a starting point for developing therapeutic 

interventions. Familial hypercholesterolemia is a hereditary metabolic disorder 

characterized by high low-density lipoprotein cholesterol levels. 

Hypercholesterolemia is a quantitative trait that is controlled by interactions 

among several quantitative trait loci. Many biological data is presented in the 

context of biological networks and evaluation of biological networks is considered 

as the essential key to understanding complex biological systems. 

Materials and Methods: In this research, we used combination of information 

about quantitative trait loci of hypercholesterolemia with information of gene 

ontology and protein–protein interaction network for identification of genes 

associated with hypercholesterolemia. 

Results: For hypercholesterolemia disease, we introduced 16 new genes which 

were in quantitative trait loci regions and were associated with the 

hypercholesterolemia disease in terms of gene ontology characteristics. 

Conclusion: Combination of linkage information (QTLs) and genomics 

information (gene ontology and protein–protein interaction network data) is highly 

able to identify genes associated with diseases. 
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Introduction 

Complex disorders 

Identification of genes associated with diseases is one 

of the most important research priorities in the field 

of health. Associating genes with diseases is a 

fundamental challenge in human health with 

applications to understanding disease mechanisms, 

diagnosis and therapy(1). The identification of genes 

involved in human hereditary diseases is often time-

consuming and expensive. 

Complex diseases or quantitative trait do not obey the 

standard Mendelian patterns of inheritance. The vast 

majority of diseases fall into this category, including 

several congenital defects and a number of adult- 

 

 

 

 

 

 

onset diseases. Some examples include Alzheimer's 

disease, scleroderma, asthma, Parkinson's disease, 

multiple sclerosis, osteoporosis, connective tissue 

diseases, kidney diseases, autoimmune diseases, and 

many more (2). 

Familial hypercholesterolemia is a condition 

characterized by very high levels of cholesterol in the 

blood which is known to increase the risk of several 

adverse health effects including atherosclerosis, heart 

attack, and stroke (3). Hypercholesterolemia is a 

quantitative trait that is controlled by interactions 

among several quantitative trait loci (QTLs) 

combined with environmental influences. 
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Protein network and Gene Ontology 

Today, bioinformatics and genomics data have given 

the researchers very useful tools in study of genes 

associated with diseases. Genes and proteins do not 

work independently, but are organized into co-

regulated units that perform a common biological 

function. Complex disorders are determined by the 

combined effects of many loci and are affected by 

gene networks or biological pathways. Systems 

biology approaches  are of great importance in the 

identification of candidate genes  associated with 

complex diseases or traits at the system level (4). 

Systems biology approach the analysis of the 

relationship between the genes and proteins as a 

whole, to understand the disease Phenotype. Within a 

cell, Proteins interact with each other, and those 

interactions represented by a network(5). 

The most important goals of Systems biology are 

protein function prediction, interaction prediction 

identification of disease candidate genes and drug 

and identification of candidate genes (6-8). The 

protein network is one of the most frequently used 

type of evidence for disease gene prediction (9). 

Protein network applications in medical field include 

identifying new disease genes, the study of their 

network properties, identifying disease-related 

subnetworks and network-based disease classification 

(10). Networks have been exploited to find novel 

candidate genes, based on the assumption that 

neighbors of a disease-causing gene in a network are 

more likely to cause either the same or a similar 

disease. This indicates that network neighbors of 

known disease genes form an important class of 

candidates for identifying novel genes for the same 

disease (11).Nowadays, the cellular biology 

researches, have shifted from the molecular to the 

modular researches and the single gene or protein 

study is replaced by the study of the function of 

protein and gene complexes. Study proteins in 

network to detect and prioritize disease genes are 

better than traditional approaches that used only 

protein-phenotype associations (12). 

Many specific examples have shown that individual 

genes that cause a given diseases phenotype tend to 

be linked at the biological levels as components of a 

multi-protein complex(12). 
Gene Ontology and Functional annotations including 

biological processes, and molecular functions are 

another rich sources of evidence that are frequently 

used for disease-gene prediction (13). Complex 

disease genes associated with same disease more 

often tend to share a protein-protein interaction (PPI) 

and GO biological process compared to the genes 

associated with different diseases (11). Genes that 

interact directly or indirectly may have the same or 

similar functions in the biological processes in which 

they are involved and together contribute to the 

related disease phenotypes (14). 

 

Quantitative trait locus 

Diseases such as diabetes, cancers, hypercholesterolemia, 

Alzheimer etc. have polygenic inheritance and study 
of quantitative trait loci (QTLs) associated with these 

diseases is the main step for recognition of genes of 

these diseases. A quantitative trait locus (QTL) is a 

chromosomal region that contains a gene or genes 

that influence a quantitative trait. Quantitative trait 

locus analysis is a powerful method for localizing 

disease genes, but identifying the causal gene remains 

difficult. Thus, the major obstacle in identifying QTL 

genes is not detection of a QTL, but rather the 

expensive and time-consuming process of narrowing 

a QTL to a few candidate genes that can be 

rigorously tested. Using bioinformatics techniques 

with the experimental methods is a powerful way to 

narrow a QTL interval (15-16). 

In this paper, we have studied the hypercholesterolemia, 

disease using quantitative trait locus integrated with 

the gene ontology and protein-protein interaction to 

predict the new candidate genes. 

 
Table 1. Specifications QTLs associated with hypercholesterolemia 
disease (SCL_H: Serum cholesterol level QTL human) 

 

 

QTLs Symbol 

 

chromosome 

 

Position 
 

 

SCL132_H 

 

2 

 

(60,139,274 - 86,139,274) 

SCL85_H 2 (2,227,411 - 28,227,411) 

SCL86_H 2 (8,086,103 - 34,086,103) 

SCL87_H 3 (1 - 24,517,367) 

SCL88_H 3 (1 - 24,517,367) 

SCL98_H 3 (158,750,982 - 184,750,982) 

SCL129_H 6 (147,967,069 - 171,055,059) 

SCL128_H 7 (140,012,742 - 156,472,993) 

SCL133_H 7 (70,789,500 - 96,789,500) 

SCL89_H 9 (118,527,538 - 141,149,349) 

SCL96_H 9 (72,784,197 - 98,784,197) 

SCL130_H 12 (12,449,930 - 53,197,213) 

SCL131_H 15 (46,713,930 - 72,713,930) 

SCL134_H 16 (1 - 25,139,539) 

SCL92_H 19 (1 - 25,712,901) 

SCL93_H 19 (17,417,129 - 43,417,129) 

SCL94_H 19 (17,417,129 - 43,417,129) 

SCL97_H 19 (1 - 19,113,369) 

SCL126_H 20 (559,258 - 49,561,921) 

SCL95_H 22 (13,015,963 - 39,015,963) 
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Materials and Methods 

Hypercholesterolemia (FHC) or familial 

hypercholesterolemia is a metabolic disease in which 

heredity is controlled as complex or multiple genes. 

Information of this disease has been recorded in 

OMIM database and with OMIM ID: 143890. So far, 

seven genes including EPHX2, ABCA1, APOA2, 

PPP1R17 (C7orf16), LDLR, ITIH4 and GHR  which 

affect the  occurrence of this disease has been 

specified (17). Study of molecular markers has led to 

identification of different QTLs related to FHC 

indicating the presence of unknown genes associated 

with this disease. Each QTL includes many genes and 

it is difficult to study all genes available in QTL for 

identification of gene associated with disease. 

 
Table 2. Specifications 16 genes were identified as genes associated with hypercholesterolemia disease 

 

 

 

Gen Symbol 
 

Gene Position 
 

GO term 
 

Term 

 

SCL85_H 
 

APOB 
 

21,224,301 -

21,266,945 

 

GO:0010886 

GO:0006642 

 

positive regulation of cholesterol storage,  

triglyceride mobilization 

SCL86_H SNX17 27,593,363 -
 27,600,400 

GO:0006707  cholesterol catabolic process 

SCL132_H UGP2 63,840,950-

63,891,562 

GO:0006011  carbohydrate metabolic process & co-annotated with GO:0009103 

lipopolysaccharide biosynthetic process 

SCL87_H SCL88_H 14,145,147-

14,178,672 

GO:0000075 cell cycle checkpoint & co-annotated with GO:0043550 regulation of lipid 

kinase activity 

XPC SCL133_H 80,602,188-

80,679,277 

GO:0006629  Lipid metabolic process, & co-annotated with GO: 0008203, cholesterol 

metabolic process, GO: 0017127, cholesterol transporter activity …. 

CD36 SCL89_H 125,234,848-

125,241,387 

GO:0042149  cellular response to glucose starvation, & co-annotated with GO:0050995, 

negative regulation of lipid catabolic process, GO:0060621, negative 
regulation of cholesterol import, … 

HSPA5 SCL96_H 92,031,134-

92,115,474 

GO:0030148  sphingolipid biosynthetic process, & co-annotated with GO:0009245, 

lipid A biosynthetic process, GO:0019216, regulation of lipid metabolic 
process, GO:2000189, positive regulation of cholesterol homeostasis 

SPTLC1 SCL130_H 56,360,571..5
6,362,799 

GO:0008203  cholesterol metabolic process, & co-annotated with GO:0006629 , lipid 
metabolic process, GO:0006707, cholesterol catabolic process, 

GO:0017127, cholesterol transporter activity 

SCL131_H COPS2 49,125,274-

49,155,657 

GO:0007165 signal transduction & co-annotated with GO:0016042, lipid catabolic 

process, GO:0006629,  lipid metabolic process 

SCL134_H CREBBP 3,725,054-

3,880,120 

GO:0007165  Signal transduction.  Reactome: REACT_22279, An association has been 

curated linking CREBBP and cellular lipid metabolic process in Homo 

sapiens. 

SCL134_H STUB1 680,115-
682,768 

GO:0051604  protein maturation, & co-annotated with GO:0090181, regulation of 
cholesterol metabolic process, GO:0019915, lipid storage 

SCL134_H SOCS1 11,254,417-

11,256,182 

GO:0046627  

GO:0045444 

negative regulation of insulin receptor signaling pathway, fat cell 

differentiation, , & co-annotated with GO:0010887, negative regulation of 
cholesterol storage, GO:0010888, negative regulation of lipid storage, 

GO:0019216, regulation of lipid metabolic process, GO:0071397, cellular 

response to cholesterol GO:0019915 , lipid storage … 

SCL92_H 

SCL97_H 

PRKACA 14,091,688-

14,117,747 

GO:0046827  positive regulation of protein export from nucleus, & co-annotated with 

GO:0046889, GO:0045833, positive  and negative regulation of lipid 
biosynthetic process 

SCL92_H 
SCL97_H 

AP1M2 10,572,671-
10,587,315 

GO:0061024 Membrane organization, An association has been curated linking AP1M2 
and membrane organization in Homo sapiens, Original References(s): 

Reactome: REACT_11123, & co-annotated with, GO: 0006497, protein 

lipidation, GO: 0017127, cholesterol transporter activity, GO: 0033344, 
cholesterol efflux… 

SCL126_H PLTP 45,898,620-
45,912,364 

GO:0006629  
GO:0006869  

lipid metabolic process, lipid transport, & co-annotated with GO:0008203, 
cholesterol metabolic process, GO:0033344, cholesterol efflux, 

GO:0006707, cholesterol catabolic process, … 

SCL126_H PLCG1 41,137,519- 
 

41,175,719 

GO:0009395  
 

GO:0016042 

phospholipid catabolic process 
 

lipid catabolic process 

GO:0008203, cholesterol metabolic process, GO:0045540, regulation of 
cholesterol biosynthetic process, GO:0033344, cholesterol efflux, 

GO:0030301, cholesterol transport, GO:0010873, GO:0060621,  positive  

and negative  regulation of cholesterol esterification, … 
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We used combination of protein–protein interactions 

network (PPI) and gene ontology (GO) to identify the 

genes associated with FHC disease, among different 

genes in its QTLs. The numbers of seven known 

genes associated with the disease were used as "seed 

genes" for identification of the genes neighborhood in 

Location of 119 neighborhood genes was compared 

with chromosome location of QTLs of the disease 

and the genes which were out of the QTLs zone were 

excluded. 

Twenty two genes located in QTLs zone were 

selected as candidates for FHC and studied in terms 

of gene ontology characteristics. 

To determine GO    information of    candidate genes,  

QuickGO EBI was used (19). For each gene, 

Biological Process term was studied.  

The GO information of many genes is not completely 

known (20), therefore, co-annotated terms of the 

desired genes were specified and their GO 

characteristics were specified and studied.  

The selected genes were studied and ranked with 

MedSim method in terms of association with FHC.  

MedSim is a novel approach for ranking candidate 

genes for a particular disease based on functional 

comparisons involving the Gene Ontology. It uses 

functional annotations of known disease genes  to 

assess the similarity of diseases as well as the disease 

relevance of candidate genes (21). 

 
 

 

Figure 1. Interaction network of known genes and candidate genes for hypercholesterolemia 

 

Results and Discussion 
We developed a novel method for candidate disease 

gene identification. The method combines 

information about known genes and QTLs associated 

with disease with interaction network data, and their 

GO annotations to prioritize disease gene candidates. 

As a result, we have identified 16 candidate genes, 

which may act as potential targets for 

hypercholesterolemia. Study of GO characteristics  

 

associated with 22 candidate genes for 

hypercholesterolemia which was in QTLs region of 

this disease indicated that 16 genes out of the 

candidate genes were associated with the disease 

considering GO information (Table 2). For example, 

APOB gene in QTL 85 (SCL85_H) plays role in 

positive regulation of cholesterol storage (GO: 

0010886).  Study of coexpression of APOB with the 
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known genes associated with FHC disease (seed 

gene) in COXPRESdb database (22), showed that 

APOB has coexpression with the known APOA2 and 

ITIH4 genes. Interference of APOB in 

hypercholesterolemia has been studied in different 

Among 22 candidate genes, for 7 genes including 

PDIA4, TGM2, LIMK1, SGTA, TYK2, SNTA1 and, 

NCOA6, there was not enough evidence for 

interfering in disease process in terms of GO 

characteristics. 

Study of the neighborhood genes to seed genes 

demonstrated that APOF gene was a suitable 

candidate for FHC. But when the location of this 

gene was compared with QTLs associated with 

disease it was found that this gene is located near 

QTL: SCL130_H. Although APOF was not located in 

QTL region but the study of GO characteristics 

showed that this gene had strong relationship with 

FHC. 

 
Table 3. Ranking the introduced genes for hypercholesterolemia based on similarity of GO (Biological Process term) to GO characteristics of the 

known genes of hypercholesterolemia with Medsim method. simRel, Lin, max simRel and max Lin are the methods for calculation of GO 
similarity score (21). 

 

Rank 

 

Gens name 

 

BP simRel 

 

BP LIN 

 

BP max simRel 

 

BP max Lin 

 

1 

 

APOF 

 

0.97 

 

1 

 

1 

 

1 

2 PLCG1 0.8 0.81 0.98 1 

3 SOCS1 0.79 0.79 1 1 

4 PLTP 0.71 0.75 1 1 

5 APOB 0.7 0.71 1 1 

6 SNX17 0.68 0.7 1 1 

7 AP1M2 0.64 0.66 0.91 1 

8 CD36 0.62 0.63 1 1 

9 HSPA5 0.55 0.56 0.84 0.84 

10 PRKACA 0.54 0.56 0.98 1 

11 CREBBP 0.52 0.55 0.98 1 

12 SPTLC1 0.5 0.55 0.86 1 

13 STUB1 0.47 0.49 0.84 0.84 

14 UGP2 0.45 0.51 0.86 1 

15 COPS2 0.36 0.39 0.55 0.57 

16 XPC 0.36 0.38 0.65 0.66 

 

As can be seen in Table 3, APOF has the first rank in 

similarity to the known genes of 

hypercholesterolemia based on Medsim method. 

Results of APOF gene coexpression with the known 

genes (seed gene) showed that APOF gene has 

coexpression with EPHX, APOA2, ITIH4 and GHR 

which indicates the effect of APOF on FHC. Effect of 

this gene on transfer and esterification of cholesterol 

has been reported by Morton et al (24).  

 Sixteen introduced genes as the genes associated 

with FHC disease were studied and ranked -by 

MedSim method. In this method, similarity of GO 

characteristics of candidate genes was compared with 

GO characteristics of the known genes of disease. 

This study showed that the introduced genes have 

high similarity to the known FHC genes in terms of 

biological process (Table 3). 

The simRel score is a functional similarity measure 

for comparing two GO terms with each other. It is 

based on Resnik's and Lin's similarity measures. The 

simRel score ranges from 0 for terms that have no 

similarity to 1 for terms with maximum 

similarity(25). 

 

Conclusion 

Each QTL includes many genes and identifying the 

target genes from a large number of candidates within 

these regions remains a challenge. Reducing QTL to 

a small number of testable candidate genes will be 

essential in quantitative trait analysis. This research 

showed that combination of linkage information 

(QTLs) and genomics information (GO, PPI) is 

highly capable of identifying genes associated with 

diseases. This combined method can be used for 

introduction of genes affecting diseases and also 

reduction of the number of candidate genes for 

quantitative trait in each QTL. Candidate genes can 

then be tested using a variety of experimental 
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methods, including RNA interference technology, 

deficiency complementation tests, knockouts, gene 

sequencing, pathway analysis, quantitative RT–PCR,  

Northern blots, Western blots, reporter gene assays, 

and various other protein assays. 
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