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Abstract: Systems genetics is a new discipline based on the transcription mapping, which is also called “genetical genomics”. In recent years, systems genetics has become more practical because of advances in science and technology.
Analysis of expression quantitative trait loci (eQTLs) is an emerging technique in which individuals are genotyped across a
panel of genetic markers and, simultaneously, phenotyped using DNA microarrays. Depending on eQTL mapping, one can
infer the underlying regulatory network responsible for complex diseases or quantitative trait phenotypes. Systems genetics
approaches integrate DNA sequence variation, variation in transcript abundance and other molecular phenotypes and variation in organismal phenotypes in a linkage or association mapping population, and allow us to interpret quantitative genetic
variation in terms of biologically meaningful causal networks of correlated transcripts. These approaches have been made possible due to the development of massively parallel technologies for quantifying genome-wide levels of transcript abundance.
The predictive power of the networks could be enhanced by more systematically integrating protein-protein interactions,
protein-DNA interactions, protein-RNA interactions, RNA-RNA interactions, protein state information, methylation state,
and interactions with metabolites. Systems genetics research will change the traditional approaches based on reductionism,
and allows us to reconsider the living phenomenon and complex disease mechanism. Systems genetics benefits from varied
“omics” researches (such as transcriptomics, metabolomics, and phenomics) and the development of bioinformatics tools
and mathematical modeling, and will become mature in the near future like many other branches of genetics. Systems
genetics is leading researchers to understand genetics systems from holism’s viewpoint, and will open a wide field of vision
for genetics researchers in systems biology era.
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Introduction
Genetics is at the dawn of a new era with maturing technologies that enable low-cost, high-throughput genotyping of hundreds of thousands of DNA markers, which
in turn can be tested for association to complex traits
of interest like disease and drug response. A number of
studies have already leveraged the availability of such
technologies to identify polymorphisms in genes that
associate with human complex diseases like age-related
macular degeneration (Edwards et al. 2005; Haines et
al. 2005; Klein et al. 2005), diabetes (Grant et al. 2006;
Sladek et al. 2007), obesity (Herbert et al. 2006), hypertension (Yang et al. 2009), osteoporosis (Deng et al.
2002; Huang et al. 2003; Xiong et al. 2003), and age at
menarche (Liu et al. 2009), to name just a few. In addition, there are scores of similar genome-wide association
studies (GWAS) that promise to deliver scores of genes
that harbor variations that associate with diseases. A

new paradigm for bridging the gap between our knowledge of the physiology and predisposition of diseases is
the combination of quantitative trait loci (QTL) mapping with large-scale gene expression analysis. Transcriptome mapping, also called “genetical genomics”
(Jansen & Nap 2001; Jansen 2003), treats gene expression levels of any particular gene measured across different individuals as an expression-level polymorphism
that in principle reﬂects the underlying genetic variation (Jansen & Nap 2001).
Many of the genetic variations that underlie disease susceptibility and morphology are complex and
governed by loci that have quantitative eﬀects on the
phenotype. Genetic variation that aﬀects gene regulation plays an important role in the genetics of human complex diseases and adaptive evolution (Kleinjan & van Heyningen 2005; Wray 2007). Determining
the genetic architecture of complex traits poses a challenge because most phenotypic variations are caused by
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numerous interactions between multitudes of environmentally sensitive genes (Swami et al. 2009). Systems
genetics seeks to understand this complexity by integrating the questions and methods of systems biology
with those of genetics to solve the fundamental problem of interrelating genotype and phenotype in complex
traits and diseases (Nadeau & Dudley 2011). Systems
genetics promises to integrate biological information to
produce directed genetic networks that link molecular
variants to organismal phenotypes, which enables us
to understand the genetic basis inside the “black box”
that lies between genotype and phenotype (Mackay et
al. 2009). Recently, systems genetics approach for integrating a genetic polymorphism with genome-wide gene
expression levels has successfully been applied to complex diseases and metabolism (Plaisier et al. 2009; Fleet
et al. 2011). On 1–2 October 2009, the 1st Symposium of
Systems Genetics was successfully held in the University of Groningen. Systems genetics has thus become
the hotspot of biological and medical ﬁelds, and will
recruit more genetists to understand the genetic basis
underlying phenotypic variations of complex traits by
combining bioinformatics tools and genome-scale analysis.
eQTL mapping and genetical genomics
A QTL, where mRNA expression is responsible for the
variation of quantitative trait phenotype of interest,
is generally referred to as an expression QTL (eQTL)
(Rockman & Kruglyak 2006). eQTL mapping is based
on the fact that the transcription eﬃciency of any gene
is determined by the interaction of gene regulatory regions with transcription factors and RNA polymerase.
Genome-wide mapping of eQTLs can provide a great
insight into the genetic architecture of gene expression
variations and elucidate the genetic regulation of entire
transcriptomes, and are beginning to build biochemical pathways of interacting genes or causal networks on
the basis of transcript level variations and molecular
marker information (Narain 2010). Such eQTL studies are similar to traditional multi-trait QTL mapping
but with thousands of phenotypes, which are useful for
elucidating the molecular mechanisms of human complex diseases (Schadt & Lum 2006; Sieberts & Schadt
2007; Chen et al. 2008; Michaelson et al. 2009). By using high-throughput microarrays analysis technologies,
eQTL can be measured for many genes in the genome,
rendering eQTL data information rich and potentially
very powerful. Recent studies on a variety of organisms, such as yeast, Drosophila, mouse, rat, human, and
plants (Brem et al. 2005; Petretto et al. 2006; Druka et
al. 2008; Veyrieras et al. 2008; Ruden et al. 2009; Lu
et al. 2011), have shown that levels of gene expression
are often highly heritable (Dixon et al. 2007; Göring et
al. 2007; Emilsson et al. 2008). Generally, it is possible
for many genes to map cis- and trans-acting factors using linkage (Göring et al. 2007; Emilsson et al. 2008) or
association mapping (Dixon et al. 2007; Stranger et al.
2007a). As one gene regulates the level of expression of
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another (trans-acting eQTL), novel upstream or downstream components in gene regulation pathways can be
identiﬁed (Holloway & Li 2010).
Functional genomics has become more practical
because of advances in science and technology. Some
examples are DNA-capturing techniques to facilitate
gene hunting eﬀorts in highly repetitive genomes, motifdirected proﬁling to speciﬁcally target genetic variation
in functional parts of the genome, gene expression proﬁling to identify eQTL, and RNA interference to silence
individual genes without altering the genome structure (Li & Deng 2010). Although eQTL studies have
achieved considerable advances, there are still open
questions about the biology and applications of eQTL
mapping. First, there are important technical questions about the extent to which eQTLs are replicated
across independent samples and independent platforms
for measuring gene expression. Second, most of the human eQTL studies to date have analyzed transformed
lymphoblast cell lines or lymphocyte samples (Dixon
et al. 2007; Göring et al. 2007; Stranger et al. 2007a,b;
Kwan et al. 2008). Indeed, three recent studies have
started moving beyond cell types in blood by characterizing eQTLs in cortical (Myers et al. 2007), adipose
(Emilsson et al. 2008) and liver (Schadt et al. 2008) tissues. Discovery of similarities (or diﬀerences) across tissues will add power to experimental ﬁndings, providing
validation especially for cis-acting QTL, and revealing
important underlying biology for the quantitative traits
of interest. Further studies of eQTL mapping need to
be applied to diﬀerent development stages for human,
such as embryogenesis and the comparison of diﬀerent
tissues. The research about the comparison of the differential expressions of genes in varied tissues, diﬀerent time and environment conditions will enhance our
recognition to the mechanism of complex diseases.
Unlike protein-coding sequences, however, we still
know little about how to identify the DNA sequence
elements that regulate the expression level of a gene
of interest. It is still diﬃcult for us to predict with
any conﬁdence which single nucleotide polymorphisms
(SNPs) in genome are likely to aﬀect gene expression,
without performing targeted experimental assays. To
address this gap, recent experimental and computational approaches have made progress on identifying
DNA sequence elements that may be functional, for
example through experimental methods that identify
transcription factor binding sites (ENCODE Project
Consortium 2007; Kim et al. 2007), by in vivo testing of possible enhancers (Pennacchio et al. 2006), and
by computational analysis of sequence data (Blanchette
et al. 2006; Xie et al. 2007). However, our understanding of the importance of diﬀerent types of functional
elements in gene regulation remains rudimentary. As a
complementary approach, genome-wide studies of gene
expression are now starting to provide information on
genetic variation that aﬀects gene expression levels
(Gilad et al. 2008). Recently, the locations of SNPs
within eQTL genes in experimental crosses in mice have
been used to provide further information about the
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identity of functional elements (GuhaThakurta et al.
2006). In studies of human lymphoblastoid cells, it has
been reported that most strong signals of association
lie within 100 kb of the transcribed region (Dixon et
al. 2007), and that eQTLs cluster roughly symmetrically around the transcription start site (Stranger et
al. 2007b). In addition, structural variations including
short insertions/deletions (indels) and other more complex ones, such as duplications and translocations, have
been demonstrated as the genetic basis of some complex diseases in the human population (Zhang et al.
2011). There are some tools or methods devised for
the detection of genomic structural variation, such as
BreakDancer (Chen et al. 2009), Indelign (Kim & Sinha
2007), MAQ (Li et al. 2008), VariationHunter (Hormozdiari et al. 2009), MoDIL (Lee et al. 2009), PEMer (Korbel et al. 2009), GASV (Sindi et al. 2009),
VarScan (Kobolt et al. 2009), Pindel (Ye et al. 2009),
CNV-seq (Xie et al. 2009), etc. Some databases containing clinical ﬁndings associated with submicroscopic
chromosomal imbalance (including deletions, duplications, insertions, translocations, and inversions) are also
developed, such as DECIPHER (DatabasE of Chromosomal Imbalance and Phenotype in Humans using
Ensembl Resources), dbVar (database of Variation),
CHOP (the Copy Number Variation project at the Children’s Hospital of Philadelphia), and DGV (Database
of Genomic Variants). Next generation sequencing has a
perspective of the important applications in human genetics, including the detection of large and small insertions/deletions, of inversions, and of homozygous and
heterozygous SNPs.
Results from eQTL studies have been used for identifying hotspots (Bystrykh et al. 2005; Lan et al. 2006),
constructing gene networks (Li et al. 2005; Schadt et
al. 2005), elucidating subclasses of clinical phenotypes
(Bystrykh et al. 2005), and narrowing down lists of candidate genes (Bystrykh et al. 2005). Each of these tasks
relies largely on the ability to generate a list of mapping
transcripts and the genomic locations to which these
transcripts map. At each genome region, the total number of mapping transcripts is tallied. The identiﬁcation
of hotspots provides lists of co-mapping transcripts and
often leads to the inspection of putative candidates controlling the collection. Jansen & Nap (2001) were perhaps the ﬁrst to formally recognize how hotspot lists
could be used to construct networks. Although some of
these might be artifacts of microarray normalization,
regions with a high number of distal eQTLs might harbor “master regulators” that aﬀect the expression levels
of many genes. For example, Mehrabian et al. (2005)
dissected an eQTL hotspot in mice and identiﬁed a
locus that aﬀected the regulation of several metabolic
traits associated with obesity and bone density.
Computation and biology have been converging
ever more closely for the past two decades, but with
a vision of computing as a resource for biology that
has propelled bioinformatics. To facilitate the interpretation of the data and the design of follow-up experimental validations, some databases and new algo-
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rithms for genomic data analysis and gene network inference are developed at a high rate. Gamazon et al.
(2010) developed a database called SCAN (SNP and
copy number annotation) that enables the sensible prioritization of these variants by combining several approaches, involving not only publicly available physical
and functional annotations but also multilocus linkage disequilibrium annotations as well as annotations
of eQTLs. A number of these data sets, particularly
those for mouse and rat, are combined with sophisticated statistical and computational tools for the genetic dissection and synthesis of single traits or entire
systems of traits, and have been integrated into the
GeneNetwork (http://www.genenetwork.org/). Building on generic standard model FuGE (Functional Genomics Experiment) (Jones et al. 2007) for describing the experimental metadata on samples, protocols
and experimental variables of functional genomics experiments, Swertz et al. (2010) developed the XGAP
(eXtensible Genotype And Phenotype platform) object
model to uniformly capture the wide variety of genotype and phenotype data. Some softwares, such as SysGenSIM, have been used for evaluating data analysis
of systems genetics and studying gene expression dynamics (http://www.bioinformatica.crs4.it/node/156).
This tool has recently been used to create a benchmark for the DREAM5 Systems Genetics challenges
and is used to generate data for the National Institute
of Health grant “Highly multivariate methods for quantitative trait loci mapping in systems genetics”.
Systems genetics: combining genetics and systems biology
Over the last ﬁfty years, numerous genetic resources
have been devised and developed for speciﬁc purposes using a variety of inbred strains as progenitors. The major genetic resources that are widely used
currently include recombinant inbred lines (Broman
2005), recombinant congenic strains (Demant & Hart
1986), genome-tagged or congenic lines (Iakoubova et
al. 2001), chromosome substitution strains (Nadeau
et al. 2000), heterogeneous stocks (Hitzemann et al.
1994), laboratory strain diversity panels drawn from
the mouse phenome project (Paigen & Eppig 2000) for
association studies, and, more recently, the collaborative cross of the Oak Ridge National Laboratory constructed for high-dimensional studies and high precision
mapping (Chesler et al. 2008).
“Genetical genomics” or systems genetics (Sieberts
& Schadt 2007) approaches integrate DNA sequence
variation, variation in transcript abundance and other
molecular phenotypes and variation in organismal phenotypes in a linkage or association mapping population, and allow us to interpret quantitative genetic variation in terms of biologically meaningful causal networks of correlated transcripts. These approaches have
been made possible by the development of massively
parallel technologies for quantifying genome-wide levels of transcript abundance. Associating DNA sequence
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variation with variation in organismal phenotypes dispenses with all of the intermediate steps in the chain
of causation from genetic perturbation to phenotypic
variation. Intermediate molecular phenotypes such as
transcript abundance also vary genetically in populations and are themselves quantitative traits (Rockman
& Kruglyak 2006).
As a statistical technique, eQTL mapping has become a powerful tool in systems biology (Gilad et al.
2008). For example, it is well-known that individuals
diﬀer in their sensitivity to radiation, and the role of
genetics in radiosensitivity is most evident in humans
with radiosensitivity syndromes, such as ataxia telangiectasia, Nijmegen breakage syndrome, xeroderma pigmentosum, and others (Gatti 2001). The systems genetics research of low dosage radiation has discovered
the related genes of radiosensitivity, e.g. p53, Rb, xeroderma pigmentosum genes, etc. Radiation can damage
DNA, alter gene expression, activate the signal pathway of p53, and modify intracellular oxidative status,
etc., which can, in turn, result in changes at the systems level. The expression of some p53-regulated genes,
such as Cdkn1a (cyclin-dependent kinase inhibitor 1),
Gadd45a (growth arrest and DNA-damage-inducible
protein), and Mdm2 (murine double minute 2), appear
to be up-regulated in response. The genes which responded to low dosage radiation are involved in functions relating to cell-to-cell signaling, signal transduction and DNA damage repair. In contrast, those which
responded to high dosage radiation are involved in
apoptosis and cell proliferation (Ding et al. 2005). By
combining QTL mapping with gene expression data, researchers uncovered two particularly compelling candidate genes – Ptprk (protein tyrosine phosphatase receptor type K) and Acp1 (acid phosphatase 1) – within the
two signiﬁcant QTLs associated with CD4:CD8 (Lynch
2010).
Applying systems genetics approaches to quantitative genetic variation is enhancing our ability to dissect
the risk factor of human diseases by both reducing the
number of candidate genes and directly identifying putative causal polymorphisms. One common approach
now for examining complex traits in humans is the
GWAS, which compares variation across the genomes
of two groups of individuals and looks for markers that
are associated more with one group than the other. After the variants linked to a trait have been identiﬁed
by such approaches, the eﬀects of these variants on the
molecular networks in a cell or organism can be further
investigated (Gunter 2008). GWAS takes advantage of
the knowledge of linkage disequilibrium patterns in humans and the rapid development of high-throughput
SNP genotyping platforms, and enables genetic variants at speciﬁc loci to be associated with particular
diseases (Donnelly 2008). With high SNP density that
makes possible the detection of culprit DNA changes
within a narrow genomic region, the GWAS approach
has demonstrated its great power to identify novel genes
for human complex diseases/traits (Duerr et al. 2006;
Frayling et al. 2007; Hunter et al. 2007). These ad-
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vantages have been well illustrated over the past several years in the context of human GWAS (Altshuler
et al. 2008; Emilsson et al. 2008; Schadt et al. 2008),
for example, GWAS is a promising strategy to facilitate the identiﬁcation of age at menarche genes (Liu
et al. 2009). Moreover, the remarkable success in mapping genes linked to a number of disease traits using
GWAS in human cohorts has renewed interest in applying this same technique in model organisms, such
as inbred laboratory mice. Unlike humans, however,
the limited genetic diversity in the ancestry of laboratory mice combined with selection pressure over the
past decades has yielded an intricate population genetic
structure that can complicate the results obtained from
association studies. This problem is further exacerbated
by the small number of strains typically used in such
studies where multiple spurious associations arise as a
result of random chance (Su et al. 2010).
At present, the reconstruction of biological networks that can be used to deﬁne how single genes increase disease risk is an intractable problem, partly because today’s methods and data are inadequate for representing biological systems in a comprehensive fashion.
Genetic networks provide a convenient framework for
exploring the context within which single genes operate (Sieberts & Schadt 2007). Genomics networks interacting with transcriptional networks that in turn interact with protein, metabolic, and signaling networks,
present challenges to elucidating disease (Schadt & Lum
2006). Until highly accurate genomics networks can be
constructed from more complete data, inferences drawn
from biological networks should be considered as hypothesis that need to be further tested with experimental method, where the results can then illuminate
the representation of the biological system. The predictive power of the genomics networks could be enhanced
by more systematically integrating interactions of informational molecules, such as protein-protein interactions, protein-DNA interactions, protein-RNA interactions, RNA-RNA interactions, protein state information, methylation state, and interactions with metabolites, as these types of data have become available
(Schadt et al. 2009). A combination of functional, phenotypic, and genetic deﬁnitions of cell subpopulations
will be an invaluable resource in providing evidence as
to whether distinct phenotypic assays are in fact measuring the same cells, and potentially reveal evidence of
relationships between apparently dissimilar phenotypes
(Peirce et al. 2006). Causal inference approaches in systems genetics exploit QTL genotypes to infer causal
relationships among phenotypes. QTLnet is a QTLdriven phenotype network method which jointly infers
a causal phenotype network and associated genetic architecture for sets of correlated phenotypes (Neto et al.
2010).
The advent of high-throughput methods for measuring changes in gene expression has facilitated the
study of biological systems as a whole (i.e. gene interaction networks), rather than on the discovery and characterization of its individual components (i.e. genes)
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Fig. 1. Activation of the p53 signaling pathway by radiation. p53 is a transcription factor whose activity is regulation by phosphorylation. Damage to DNA can lead to apoptosis via Bcl2 and Bax transcription. Alternately, Cdkn1a(p21) transcription can halt the cell
cycle until DNA is repaired.

(Hood et al. 2004). The combination of hybridization
and sequencing-based technologies such as DNA microarrays and RNA-seq with high-throughput methods
for studying protein-DNA and protein-protein binding
has enabled us to glean insights into global networks
of interactions (Harbison et al. 2004; Workman et al.
2006; Simonis et al. 2009; The FANTOM Consortium
& Riken Omics Science Center 2009). However, deep
understanding of a complex dynamic system requires
an examination of the dynamics of individual components during normal function or following perturbations (Kitano 2002). The existing methods of measuring
transcription suﬀer from two major drawbacks. First,
quantifying transcription dynamics using microarrays
at multiple time-points is expensive when long processes are under study. Second, despite improvements
in assay sensitivity, these approaches typically involve
pooling mRNA from thousands of cells. Recent developments in cell-based assays combined with advances
in reporter technology allow us to address these limitations, since expression levels can be repeatedly assayed in single cells. The Living Microarray platform
is a step towards creating a more comprehensive platform for furthering our understanding of dynamic cellular processes at the systems level, as it provides us the
ability to make parallel high-throughput measurements
of transcriptional changes in single cells.
Epigenetic changes include modiﬁcations in the
genome that do not aﬀect the DNA sequence, such as
DNA methylation, histone modiﬁcation, and RNA silencing. DNA methylation plays a key role in regulat-

ing eukaryotic gene expression and has shown to be
involved in the development of diseases, such as cancer, multiple sclerosis, diabetes, and schizophrenia. The
studies of Gibbs et al. (2010) in brain illustrated that
the majority of eQTLs or methyl QTLs (meQTLs) with
strong eﬀect sizes were consistent across tissues. For
example, a large eﬀect eQTL was found for churc1,
which encodes a protein supposed to be involved in
transcriptional regulation in all tissues. However, there
were also rare, but observable, events where a large effect QTL was detected within a single tissue and was
completely absent in the other three tissues. For example, the cis-eQTL for ppapdc1a, encoding a phosphatidic acid phosphatase that displays hydrolase and
phosphotase activity at the membrane, has a large effect that appears to be restricted to the cerebellum,
despite reliable detection of the transcript in all four
brain regions. Several methods have been developed to
map DNA methylation (meQTL) on a genomic scale,
such as methylated DNA immunoprecipitation sequencing, methylated DNA capture by aﬃnity puriﬁcation,
reduced representation bisulﬁte sequencing and the Inﬁnium HumanMethylation27 BeadChip assay (Bock et
al. 2010). Instead of gene expression being the quantitative trait, protein, and metabolite levels can be used
as quantitative traits. In this manner, protein QTL and
metabolite-QTL (mQTL) can be identiﬁed in both cisand trans-genes that regulate the levels of molecules.
In addition, data mining of expression sequence tag and
microarray studies showed that the human brain carries
more tissue-speciﬁc alternative splice forms than any
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other tissue in the body. Alternative splicing may be
enriched in certain systemic functions, including those
of the immune and nervous systems.
Challenges and developing strategies of systems
genetics
The eQTL analysis using high-throughput microarray technology is a potentially powerful way to detect
transcriptional regulatory relationships on the genomic
scale. Although this approach has led to several important discoveries, one persistent challenge in eQTL studies is the selection of loci and genes that should receive
further biological investigation (Gatti et al. 2009). This
requires us to improve the precision of eQTL mapping
and to understand eQTL associations based on mechanistic explanation (Rockman & Kruglyak 2006; Schadt
& Lum 2006). Firstly, we must break the major bottleneck for ﬁne mapping caused by the limited number
of recombinant inbred strains providing for eQTL analysis. Secondly, developing robust method to map the
relationship between the expression trait and genotype
is a promising strategy to handle the underexploited
problem of large scale eQTL datasets in legacy QTL
approaches. These data sets are so massive that standard publishing procedures cannot accommodate them,
which limits the application of these methods in the
analysis of complex traits, particularly in the case of
epistasis (Michaelson et al. 2010). In addition, the extension of the paradigm of transcriptome mapping to
the proteome and metabolome would be unique. The
question of whether microarrays are valid indicators of
actual protein levels is still of major importance, and
such results would test and extend this question in regard to comparison of the underlying polygenic control
at each step of the central dogma of biology. Phenotyping methods, including gene expression arrays, or
phenotyping based on non-invasive imaging will have
to be integrated into the complex trait studies. This
shift to microphenotypes requires new statistical tools
because of multiple-testing issues (Rudi 2007). Recent
achievements in multiple testing issues, such as SLIDE
(Sliding-window approach for Locally Inter-correlated
markers with asymptotic Distribution Errors corrected)
and SLIP (Sliding-window approach for Locally Intercorrelated markers for Power estimation) method of
Han et al. (2009) and MCFDR algorithm for false discovery rate modulated sequential Monte Carlo multiple hypothesis testing of Sandve et al. (2011) will shed
light on the application of microphenotypes. In addition, “quantitative trait nucleotide” (QTN) analyses
have been also developed to circumvent this problem
by associating individual nucleotide polymorphisms in
large populations with a quantitative trait. QTNs allow us to map phenotype to genotype in the absence
of the knowledge about the ﬂow of information from
DNA to the organismal phenotype through RNA intermediates, proteins, metabolites and other molecular
endo-phenotypes. This could be achieved by dissecting
a QTN into its constituent eQTLs and QTTs (quanti-
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tative trait transcripts), but in practice this is not easy;
one can expect a substantial co-expression network of
relevant transcripts that associate both with the molecular variant and with the organismal phenotype (Chen
et al. 2008). The QTN approach is more clinically relevant and is thus more readily applicable to humans,
where larger sample sizes are almost always available
(Ruden 2007). A recent proposed method called “eQTL
electrical diagrams” (eQED) sheds light on the problem
for prioritizing candidate genes at a locus, which models the ﬂow of information as electric currents through
the protein network from a locus to target genes and
provides a means of predicting the direction of signal
transmission (Silpa et al. 2008).
High-throughput microarray analysis technology is
central to systems genetics, which can simultaneously
examine tissues from as many as 100 related strains
and integrate the transcriptomic data with the underlying genotypic data. Systems genetics makes it possible
to deﬁne networks and clusters of co-regulated transcripts; to correlate phenotype with genotype; and to
map genes which aﬀect the expression levels of other
genes (Morahan et al. 2008). Measurements of gene
expression with high-throughput analysis technologies
provide us with an eﬀective approach for learning which
types of SNPs in genome are most likely to aﬀect gene
regulation, in a way that complements other experimental approaches, such as allele-speciﬁc expression studies
(ENCODE Project Consortium 2007) or reporter gene
assays (Chabot et al. 2007). eQTL mapping can provide important information for dissecting the genetics
background underlying human complex disease. Not a
lot of SNP functional data have been produced from
ChIP-on-chip or ChIP-Seq for some samples, such as
brain, so eQTL mapping is the primary mode of discovery for functional genetic variants. In its simplest form,
the identiﬁcation of eQTLs can provide a tool for connecting SNPs that are signiﬁcant in GWAS of disease
to a molecular mechanism (Moﬀatt et al. 2007; Schadt
et al. 2008). eQTLs may be also useful for linking genes
and individual variants to cellular phenotypes, such as
cell line sensitivity to chemotherapeutic agents (Huang
et al. 2007). More ambitiously, one might be able to
use patterns of gene expression and eQTL mapping in
people with and without disease to identify networks
of genes that are diﬀerentially regulated in the two
groups (Chen et al. 2008). Any eQTL that up- or downregulates such a network is a natural candidate for affecting complex disease phenotype itself and would be
of particular interest in association studies of complex
diseases (Gilad et al. 2008).
Since GWAS tests simultaneously millions of SNPs,
omitting multiple-testing correction with high threshold will result in a large number of false positives. It
means that very large sample sizes are needed to achieve
suﬃcient statistical power to detect risk alleles with
weak eﬀects. Based on previously identiﬁed candidate
genes or pathways, and the functional eﬀects of SNPs,
the power of GWAS can be increased through limiting
tests to the most likely relevant variants or functional
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Fig. 2. The experimental approach of systems genetics.

variants, which will allow us to detect weak eﬀects in a
relatively small but suﬃciently-powered study and can
generate a new priori that can be tested in other studies. In large-scale epidemiological studies (n > 1,000),

association between metabolic phenotypes and disease
phenotypes gave rise to metabolome-wide association
studies. QTL mapping of metabolomic traits (mQTL),
and metabolome-wide genome-wide association studies
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are robust and accurate strategies for the integration
of genome-wide genotyping and metabolome-wide proﬁling by 1 H-NMR and mass spectroscopy, identifying
candidate biomarkers and susceptibility genes. Recent
developments such as metabolite-set enrichment analysis or integrated metabolome interactome mapping allow a better mechanistic understanding of metabolic
phenotypes.
Advances in genotyping and sequencing technologies have revolutionized the genetics of complex diseases by locating rare and common variants that inﬂuence an individual’s risk for diseases, such as diabetes, cancers, and psychiatric disorders. However, to
capitalize on these data for prevention and therapies
requires the identiﬁcation of causal alleles and a mechanistic understanding of how these variants contribute
to the disease (Raychaudhuri 2011). Recent studies suggest that all the risk alleles identiﬁed so far explain only
a small proportion of total disease susceptibility variance (about 3–20%); the remaining, unexplained variation (referred to as the “missing heritability”) may
be caused by gene-gene interaction, heritable epigenetic
variants and rare variants (Purcell et al. 2009). In the
past, conventional genetic studies for inherited diseases,
such as cystic ﬁbrosis identiﬁed rare, mutated genes
that have a high penetrance, meaning that the gene
has an eﬀect in almost everyone who carries it. However, it quickly became apparent that high-penetrance
variants would not underlie most common diseases because evolution largely keeps them in check (Brendan
2008). Some researchers are now homing in on copynumber variations (CNVs), stretches of DNA tens or
hundreds of base pairs long that are deleted or duplicated between individuals. Variations in these features could begin to explain missing heritability in disorders, such as schizophrenia and autism, for which
GWAS have turned up almost nothing. Two recent
studies looked at hundreds of CNVs in normal people
and in those with schizophrenia, and found strong associations between the disease and several CNVs (Stefansson et al. 2008; The International Schizophrenia
Consortium 2008). They commonly arise in an individual without any family history of the mutation. These
structural variants might account for a lot of the genetic variability from person to person and could account for some of those rare “out-of-sight” mutations
with moderate penetrance that GWAS can not pick up.
Many CNVs go undetected because they do not alter
SNP sequences. Duplicated regions can also be diﬃcult to sequence. Reduced fecundity, associated with
severe mental disorders, places negative selection pressure on risk alleles and may explain, in part, why common variants have not been found that confer risk
of disorders, such as autism, schizophrenia and mental retardation. Thus, rare variants may account for a
larger fraction of overall genetic risks than previously
assumed. In contrast to rare single nucleotide mutations, rare CNVs can be detected using genome-wide
SNP arrays. This has led to the identiﬁcation of CNVs
associated with mental retardation and autism (Ste-

fansson et al. 2008). In GWAS, common variants are
typically identiﬁed though individual testing, whereas
rare variants, each with incommensurable eﬀects on
phenotypic traits, are diﬃcult to identify using the traditional methods. If various rare variants in a group
inﬂuence phenotype of complex traits, focusing on the
group rather than on an individual, variant helps enrich the association signals, reduce the number of degrees of freedom in tests, and subsequently increase statistical power (Mccarthy et al. 2008). Recently, Zhu
et al. (2011) used re-sequenced candidate gene fragment data to showcase the Resequenced-based GenomeWide Association Studies (CR-GWAS) analysis and expected similar analysis strategies to be applied to exome sequencing and whole-genome re-sequencing studies. On the other hand, data generated through arraybased genotyping approaches could also be analyzed in
a similar framework if the ultrahigh-density genotyping chip containing rare SNPs provides adequate context sequence polymorphisms for function prediction. In
addition, it would be challenging but highly desirable
incorporating various analytical methods into a common platform developed for population stratiﬁcation
correction, testing of common variants and rare variants (with ﬂexible weight assignment), threshold determination, and computational load reduction (Pritchard
et al. 2000; Devlin et al. 2004; Price et al. 2006; Yu
et al. 2006; Aulchenko et al. 2007; Kang et al. 2010;
Zhang et al. 2010). Based on the above, we propose
several view-points for the systems genetics research
as follows: (1) combining GWAS studies and RNAsequencing for explaining the mechanism of complex
traits or diseases; (2) reconstructing regulatory networks based both on common variants and rare variants; (3) developing more robust statistical method of
eQTL mapping and software tools; (4) incorporating
various “-omics” data into a common platform developed for systems genetics study; and (5) introducing
novel analysis technologies into systems genetics.
Conclusions
Systems genetics as a new discipline is still in its infancy. Maturation of the ﬁeld will proceed as many challenges that it faces are successfully solved. In one word,
there are still many challenges confronting systems genetics in its development process, including the design
of operable experiment programs and the collection of
reliable data, the development of new instrumentation
for making rapid, highly parallel, inexpensive and accurate measurements, the development and reﬁnement
of network theory and the eﬀective engineering of simulation tools, the combination of diﬀerent disciplines,
the cooperation of research teams, the diﬃculties in obtaining funding, and the like. Any of the above will construct an obstacle to systems genetics research if these
problems cannot be successfully solved. Although there
are many challenges in the avenue of systems genetics,
we believe that systems genetics will achieve rapid development and become a mature discipline in the near
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future as many branches of genetics through beneﬁting
from the integration of varied “omics” and bioinformatics tools. Systems genetics is leading researchers to understand genetics systems from holism’s viewpoint, and
will open a wide ﬁeld of vision for genetics researchers
in systems biology era.
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