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Abstract
Traits related to energy balance and obesity are exceptionally complex,
with varying contributions of genetic susceptibility and interacting envi-
ronmental factors. The use of mouse models has been a powerful driving
force in understanding the genetic architecture of polygenic traits such
as obesity. However, the use of mouse models for analysis of complex
traits is at an important crossroad. Genome-wide association studies
in humans are now leading to direct identification of obesity genes. In
this review, we focus on three areas representing the current and future
roles of mouse models regarding genetics of complex obesity. First,
we summarize increasingly powerful ways to harness the strength
of mouse models for discovery of genes affecting polygenic obesity.
Second, we examine the status of using a systems biology approach to
dissect the genetic architecture of obesity. And third, we explore the
effects of recent findings indicating increasing levels of complexity in
the nature of variation underlying, and the heritability of, complex traits
such as obesity.
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INTRODUCTION

Most phenotypes displaying continuous varia-
tion, including nearly all traits related to energy
balance and obesity, are exceptionally complex,
with varying contributions of genetic suscep-
tibility and interacting environmental factors.
The use of mouse models has been a pow-
erful driving force in understanding the ge-
netic architecture of polygenic traits such as
obesity. In addition to the many mouse mod-
els of obesity caused by spontaneous muta-
tions and targeted gene knockouts and inser-
tions (not reviewed here), the commonly used
inbred laboratory strains of mice constitute the

primary mammalian model system and are an
integral component of obesity research (40).
Within these lines and their derivatives, such
as recombinant inbred lines, genomewide con-
genic strains, chromosome substitution lines,
advanced intercross lines, long-term selection
lines, and heterogeneous stocks, there exists a
vast array of obesity-relevant genetic and phe-
notypic variation (reviewed in 42). The study
of such variation, in the form of complex trait
analysis including candidate gene analysis and
quantitative trait locus (QTL) mapping, has
shed significant light on the genetic and ge-
nomic architecture of nearly all aspects of en-
ergy balance regulation and how body weight
and body fat are controlled (42).

Despite these significant efforts, the use of
mouse models for the analysis of complex traits
such as obesity is at an important crossroad. The
use of crosses between inbred strains and/or se-
lection lines has been highly successful in thor-
oughly populating the mouse obesity predispo-
sition map with QTLs for body weight, fatness,
energy intake, and energy expenditure, but few
if any of these QTLs have been robustly iden-
tified at the gene or nucleotide level, a situa-
tion that Flint et al. (16) refer to as “heading
towards a crisis.” At the same time, genome-
wide association studies experiments in humans
have finally overcome many of the power ob-
stacles that had rendered early studies unreli-
able, and direct identification of human genes
for obesity-related traits (see 17) may call into
question the continued use of mice as a model
in such efforts.

In the current review, rather than dwell on
a thorough summary of past findings, we focus
on three areas representing the current and fu-
ture roles of mouse models regarding genetics
of complex obesity in mice. First, we summa-
rize increasingly powerful ways to harness the
strength of mouse models for the discovery of
genes affecting polygenic obesity, with an em-
phasis on the Collaborative Cross (7). Second,
we examine the status of using a systems biology
(or more accurately in this case, systems genet-
ics) approach to dissect the genetic architecture
of obesity, with an emphasis on transcriptional
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analysis and expression QTL (eQTL) mapping.
And third, we explore the effects of recent find-
ings that indicate increasing levels of complex-
ity in the nature of variation underlying, and
the heritability of, complex traits such as obe-
sity, including the importance of ribonucleic
acid (RNA), other new sources of variation such
as copy number variants, and transgenerational
epigenetics.

NEW(ER) POLYGENIC MOUSE
MODELS OF OBESITY

Although traditional two-strain backcrosses,
F2 intercrosses, and recombinant inbred lines
(RILs) may still be useful for poorly defined
obesity phenotypes (e.g., voluntary exercise;
32), these tools have primarily run their course
owing to the difficulty in moving from QTL
to the underlying gene. Instead, new models
and/or paradigms to exploit existing models
have been (or are being) developed to enable
much finer mapping of polygenes for complex
traits. For example, a broadly powerful exten-
sion of the advanced intercross concept is the
creation of heterogeneous stocks (HS). In this
case, QTLs can be very finely mapped by ex-
ploiting historical recombinants that have ac-
cumulated in a genetically heterogeneous stock
of mice descended from eight inbred progeni-
tor strains (i.e., A/J, AKR/J, BALBc/J, CBA/J,
C3H/HeJ, C57BL/6J, DBA/2J, and LP/J; 10).
This HS resource has now been outbred for
more than 50 generations. Although HS was
initially intended for fine mapping of spe-
cific QTL regions, the current availability of
very dense single-nucleotide polymorphisms
(SNPs) and affordable high-throughput geno-
typing facilitates use of these models for whole-
genome discovery approaches. Using the HS,
Valdar et al. (59) robustly mapped 843 QTLs
with an average 95% confidence interval of
2.8 Mb. Many of these QTLs contribute to
variation in obesity-relevant traits, including
body weight gain, activity, type 2 diabetes, and
blood chemistry (e.g., high-density lipoprotein,
low-density lipoprotein, total cholesterol, and
triglycerides).

eQTL: expression
quantitative trait loci

RNA: ribonucleic acid

SNPs: single-
nucleotide
polymorphisms

The availability of extremely dense
SNP genotyping tools has also enabled the
“retrofitting” of standard inbred mouse strains
as powerful gene discovery tools. Nearly 500
strains of mice have been documented in the
Mouse Genome Informatics Database (27).
Recently, a phenotypic survey of inbred lines
has been formally championed by The Mouse
Phenome Project, an international collabo-
rative effort promoting the comprehensive
characterization of a set of 40 commonly used
and genetically diverse inbred strains and their
derivatives. The Mouse Phenome Database
(28) is being populated with data relevant to
many complex human diseases, including most
aspects of the metabolic syndrome. Data are
available for metabolism, activity, food intake,
body composition, effects of atherogenic diet,
leptin and insulin levels, and other biological
parameters that are being used to identify
and characterize new mouse models for obe-
sity research. By combining phenotyping of
inbred strains with dense SNP genotyping,
researchers are performing high-resolution in
silico (i.e., biological experiments carried out
entirely in a computer) QTL mapping with
significant success. For example, Liu et al. (35)
surveyed 173 mouse phenotypes across the
40 strains in the Mouse Phenotype Database.
Using existing genotype data for ∼150K
SNPs, they identified 937 QTLs for a variety
of traits including many related to metabolism
and obesity. About two-thirds of the QTLs
were refined into genomic regions of 0.5 Mb
with a 40-fold increase in mapping precision
as compared with classical linkage analysis
(35). Importantly, two QTLs were resolved
to the causal gene level, both for atherogenic
diet-induced obesity.

Although in silico QTL mapping has much
promise, the most commonly used mouse re-
sources harbor only a fraction of the genetic di-
versity of Mus musculus, which is not uniformly
distributed, resulting in many blind spots. This
was the conclusion reached by Roberts et al.
(47) after analysis of resequencing data rep-
resenting 8.3 million SNPs in 11 classical in-
bred strains and four wild-derived strains. Only
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CD36:
thrombospondin
receptor (also referred
to as FAT, GP4, GP3B,
GPIV, CHDS7,
PASIV, SCARB3)

resources that include wild-derived inbred
strains from subspecies other than M. m. do-
mesticus have no blind spots and a uniform dis-
tribution of the variation.

A new paradigm for complex trait analysis,
the Collaborative Cross (CC; 7), is a large panel
of RILs derived from a genetically diverse set of
eight founder strains that has a distribution of
allele frequencies resembling that seen in natu-
ral populations, such as humans, in which many
variants are found at low frequencies and only
a minority of variants are common (47). The
∼1000 RILs that will comprise the CC will
be completed in 2009, and the eight parental
inbred lines (A/J, C57BL/6J, 129S1/SvImJ,
NOD/LtJ, NZO/HiLtJ, CAST/Ei, PWK/PhJ,
and WSB/EiJ) are estimated to capture more
than 90% of the known variation present in
mouse strains. Existing data on the founder
strains and in the many F1 hybrid combina-
tions demonstrate broad variability in obesity
phenotypes (see 42), indicating that the CC
will represent an excellent resource for identify-
ing genes controlling predisposition to obesity
and understanding the pathways, networks, and
systems that control obesity.

By providing a large, common set of ge-
netically defined mice, the CC may become a
focal point for cumulative and integrated data
collection for traits related to obesity in mice,
giving rise to networks of functionally impor-
tant relationships within and among diverse
sets of biological and physiological phenotypes
that can be altered by external factors such as
diet and exercise. Furthermore, the CC has
the potential to support studies by the larger
scientific community incorporating multiple
genetic, environmental, and developmental
variables into comprehensive statistical models
describing obesity susceptibility and progres-
sion. Equally important, the CC will be ideal
as a test bed for predictive, or more accurately,
probabilistic medicine, which will be essential
for the deployment of personalized medicine.

Furthermore, the CC is highly extensible. It
provides a community framework for data inte-
gration at all levels, from molecules to cells to
physiological systems and across environments.

Unlike many other resources that are primar-
ily suited for gene discovery, the CC can sup-
port genomewide network analysis, which is the
foundation of systems genetics.

APPLYING SYSTEMS BIOLOGY
TO OBESITY GENETICS:
EXPRESSION PROFILING

The advent of microarray technologies in the
late 1990s (12, 53) revolutionized the way in
which we approach complex genetic problems
like obesity. Because of the complexity and
scale of data generated by array analyses, new
paradigms challenge biomedical research (65).
This is largely because high-throughput inter-
rogation of the thousands of transcripts con-
tained on each microarray provides molecular
evidence of genomewide interactions that un-
derlie complex phenotypes in response to ge-
netic and/or environmental perturbations. A
well-designed array experiment not only iden-
tifies relevant candidate genes but also gen-
erates unique expression profiles from which
multidimensional data are leveraged to provide
biomarkers that lead to relevant therapies (8).
The power of microarrays has been applied to
understand the complex genetics of obesity in
various rodent models.

The first study to use global analysis of
transcriptional data to identify candidate genes
underlying obesity QTLs involved microarray
analysis of adipose from hypertensive rats (2).
Here, linkage mapping of additional F2 rats
was combined with data from a previous QTL
study for hypertension to better define QTL
boundaries. Microarray analysis of a congenic
strain that localized the QTL interval from the
hypertension-resistant strain onto the genetic
background of the susceptible strain was used
to discern relevant changes in gene expression
by comparisons between the congenic and the
parental strains. Using this strategy, CD36 was
identified as a positional candidate for defective
glucose and fatty acid metabolism, decreased
high-density lipoprotein, and hypertension ob-
served in the congenic strain. CD36 transgenic
animals were then generated to validate the role
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of this candidate gene in metabolic syndrome.
Additionally, CD36 deficiency was identified
in several human populations with metabolic
syndrome.

Although it is vital to identify individual
candidate genes that underlie obesity pheno-
types, so is understanding the genomic context
in which multiple genes must interact. Perhaps
this is why the greatest successes in microar-
ray technologies are evidenced in the diagnosis
and treatment of human cancers, where vari-
ations in patterns of differentially transcribed
genes from primary lesions (as compared to
healthy tissue) have been used to improve
diagnosis (23), predict outcomes, and tailor
therapies to improve survival (38). Similar
methods have been applied to patterns of tran-
scriptional variation for obesity-related pheno-
types (Figure 1), which suggest useful predic-
tors for diagnosis and subsequent therapeutic
targeting. For example, transcription analysis
was used to define the role of type 2 diabetes
in obesity. Nadler et al. (36) profiled adipose
from five obese strains of mice with varying de-
grees of hyperglycemia. Comparison of tran-
scription profiles between the strains demon-
strated a striking decrease in adipogenic genes,
indicating that a reduction in adipocyte dif-
ferentiation linked the dysregulation of lipid
storage to aberrant glucose metabolism. Sim-
ilarly, two independent groups (56, 63) pro-
filed adipose from obese mice to explore the
molecular origins of the chronic inflammatory
response associated with obesity. Both studies
observed an expression signature from proin-
flammatory macrophages. Increased transcript
abundance from inflammatory genes was pos-
itively correlated with increased adiposity and
weight.

Timmons et al. (58) used expression profil-
ing of preadipocytes in both white and brown
mouse adipose to detect myogenic transcrip-
tion factor signatures (Sirt1 in brown adipose
and Tcf21 in white adipose) that suppress mito-
chondrial energy expenditure to facilitate lipid
storage. These authors postulate that therapeu-
tic targeting of myogenic transcription factors
in white adipose may provide a plausible ap-

proach to alter the uncontrolled lipid storage
that occurs in obesity. Similarly, expression pro-
files from brown and white adipose demon-
strated coordinate transcription of genes that
exhibit circadian oscillations (69). Disruption of
circadian patterns affected glucose and lipopro-
tein metabolism (45). Thus, circadian dysregu-
lation should be accounted for when analyzing
obesity phenotypes because changes in the ex-
pression of circadian genes could provide useful
predictors of obesity predisposition.

APPLYING SYSTEMS BIOLOGY
TO OBESITY GENETICS:
SYSTEMS GENETICS AND
EXPRESSION QUANTITATIVE
TRAIT LOCUS ANALYSIS

The experimental basis for understanding her-
itable traits (such as susceptibility to obesity)
has largely involved studying biological systems
one gene (or transcript) at a time; however,
the one-gene-at-a-time approach is insufficient
for studies of mammalian genomes, which con-
tain more than 20,000 genes and nearly lim-
itless amounts of variation. This complexity is
compounded by intricate interactions between
genes (i.e., epistasis) and between genes and the
environment. A far more efficient approach is
factorial experimentation, a process by which
many or all components of a complex system are
altered simultaneously through randomization.
This approach will allow researchers to perform
analyses of all genes concurrently in order to il-
luminate mammalian biology well enough to
synthetically reassemble biological knowledge.

Consequently, an entirely new paradigm is
needed to understand the interactions between
genes and the environment that lead to changes
in disease susceptibility. This new experimen-
tal model must support mathematical models
of highly complex mammalian biological sys-
tems that predict future disease susceptibility.
This concept, called systems genetics, combines
novel biological tools with innovative compu-
tational and statistical analyses.

One of the primary initial implementa-
tions of systems genetics is the mapping of
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DNA:
deoxyribonucleic acid

eQTL. It is now possible to link expression
data with genetic markers to create genetic
maps for gene expression. In eQTL analysis—
sometimes referred to as genetical genomics
(26)—gene expression in a segregating popula-
tion is treated like a classic phenotypic quantita-
tive trait. eQTLs have several advantages over
differentially expressed genes obtained through
typical microarray experiments. These advan-
tages stem from the fact that eQTL can be
linked to the physical location of the expression
transcript, thereby placing them at the interface
between complex phenotypes and the sequence
variants that underlie them. When further
filtered through correlation analysis (e.g., tran-
script variation correlated with variation in
obesity traits), the eQTLs become enriched
candidate genes for obesity QTLs, containing
significantly more information than just differ-
ential expression.

Several advantages of eQTL analysis were
elegantly illustrated in a landmark paper by
Schadt et al. (52), who were among the first
to show how gene expression phenotypes can
be treated like other classic traits (e.g., body
weight, fatness) to identify gene expression
patterns associated with obesity. They assayed
livers from 111 C57BL/6 × DBA2/J F2 ani-
mals after four months of high-fat atherogenic
diet feeding. Of the 23,574 genes on the array,
7861 were found to be differentially expressed.
They detected 965 eQTL with LOD (loga-
rithm of the odds, to the base 10) scores greater
than 7.0, illustrating that viewing gene expres-
sion differences in the context of a segregating
population can provide significantly stronger
expression information than using differential
gene expression analysis alone. In addition, they
combined eQTL and obesity clinical traits in a
manner that revealed a previously undetected
level of heterogeneity in the F2 population. Pro-
files of differentially expressed genes for each
fat accretion group presented two distinct pat-
terns of expression not only between the high-
and low-fat groups but also within the high-fat
group. The ability to integrate clinical QTL
and eQTL in a heterogeneous population is one
of the stronger ramifications of eQTL analy-

sis because complex diseases like human obesity
are likely highly heterogeneous phenotypes.

One of the classic manifestations of genet-
ical genomics is the presence of cis-acting loci
(where the eQTL is mapped in close proximity
to the physical location of the transcribed gene)
and trans-acting loci (where the eQTL is not
linked to the physical location of the transcribed
gene). Cis eQTL are highly heritable and easier
to identify because genetic control is generally
highly robust. When a cis eQTL localizes to
the confidence interval of a phenotypic QTL,
it becomes a relevant positional candidate (43).
Similarly, when the underlying gene expression
phenotypes at a cis eQTL are highly correlated
with obesity traits (Figure 2), this additional fil-
ter further strengthens the candidate gene hy-
pothesis (41).

Conversely, trans eQTLs are harder to de-
tect because they demonstrate low heritability,
generally have small allelic effect on expression
variance, and are under polygenic regulation.
However, many trans eQTL tend to cluster in
expression hot spots (5, 67), which suggests co-
ordinated control of many genes by a master
regulator (41, 43). The biological roles of such
master regulators are not yet clear but are the
subject of active investigation.

Schadt et al. (50) utilized this eQTL inter-
face between genetics, genomics, and transcrip-
tion as an intermediate phenotype to infer a
causal relationship between the sequence vari-
ants of eQTLs and obesity traits. They devel-
oped a likelihood-based causality model selec-
tion test to detect causal relationships between
deoxyribonucleic acid (DNA) sequence vari-
ants underlying eQTL and correlated obesity-
related traits. From this analysis, 10 eQTL
candidate genes were identified for increased
fat accretion. For three of the eQTL candi-
dates (Hsd11b1, Lpl, and Mod1), previous stud-
ies implicated a regulatory role in modulating
obesity phenotypes. To validate a causal role for
the eQTL candidate Zfp90, transgenics were
generated and subsequent phenotyping for fat-
to-lean-mass ratios identified a significant in-
crease in fat mass, implicating a causal role for
this eQTL candidate in fat-mass accretion.
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APPLYING SYSTEMS BIOLOGY
TO OBESITY GENETICS:
COEXPRESSION ANALYSIS

The molecular underpinnings of complex traits
are composed of coordinated interactions be-
tween functionally related groups of genes. Al-
though genetical genomics provides a relevant
framework for the genetic influences involved
in complex disorders, high-dimensional analy-
ses of biological systems reveal the synergistic
connections within complex living organisms
that discern the causal mechanisms inherent to
disease processes.

To predict how biological systems adapt
to genetic or environmental perturbations re-
quires information about the organizing princi-
ples that structure the interactions between the
system’s components and emergent properties.
Analysis of the mechanisms by which complex
systems emerge from the numerous synergistic
interactions is a current paradigm exploited in
recent biomedical research to identify relevant
therapeutic targets for common diseases such as
obesity and is the basis of systems biology. For
example, Lee et al. (31) used a systems biology
approach to determine how clusters of coex-
pressed genes (Figure 3) organize themselves.
Cluster analysis of the genes within the co-
expression network showed consistent group-
ing of functionally related genes, implying that
coexpression analysis is a feasible technique
in studying the emergence of functional rela-
tionships for the transcriptome, metabolome,
and proteome, especially in response to
disease.

Recent coexpression analyses of liver in two
F2 crosses from diet-induced obese mice (18)
used two different but related methods to find
weight gain–associated biomarkers for thera-
peutic interventions. In the first analysis, func-
tional relationships for a single trait defined
clusters of coexpressed genes (modules) for
body weight within both data sets. Addition-
ally, QTL analyses were used to find expres-
sion hot spots that were highly correlated with
the module’s coexpression profile (mQTL) and
that localize the most relevant genes that drive

mQTL: module
quantitative trait loci

expression within the module. A second analy-
sis was used to compare modules between data
sets from obese mice and lean mice in 135
females from one cross and previously pub-
lished data from the other cross (18). Coex-
pression networks were constructed for obese
and lean mouse data sets and evaluated to
find differences in functional modules, tran-
script abundance, and variations in the num-
ber of connections between genes (see side-
bar Co-expression Networks). Here, the aim
was to identify the interactions and expres-
sion changes that trigger the phenotypic differ-
ences between the obese and lean mouse data
sets. A highly significant mQTL was identi-
fied, and strong correlations to this mQTL, as
well as increased connectivity to genes within
and between modules and increased correlation
to body weight, were used to prioritize eQTL
candidates.

APPLYING SYSTEMS BIOLOGY
TO OBESITY GENETICS:
BRINGING IT ALL TOGETHER

The blending of genetic, genomic, transcrip-
tome, proteome, and metabolome technolo-
gies (Figure 4) to identify the molecular
basis for common diseases such as obesity,
type 2 diabetes, and heart disease is accel-
erating rapidly (13, 51). New methodologies
that merge analytical techniques from diverse
disciplines such as computer science, mathe-
matics, and engineering are currently being
developed to keep pace with the quantity and
multidimensional quality of the data from high-
throughput technologies (65). An example was
recently presented by Wentzell et al. (64), who
used an integrated systems biology approach to
demonstrate that variations in transcript abun-
dance control metabolic variations in a segre-
gating population of Arabidopsis. By delineating
the effects of genotypic variation upon quanti-
tative phenotypic alterations in both transcrip-
tion and metabolite accumulation, they were
able to better define the molecular and ge-
netic basis of biosynthetic metabolism. These
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Co-expression networks

Co-expression networks consist of transcripts whose expression are correlated. Transcripts (nodes) 
are assigned to clusters (modules) within a network based upon similarity measured by correlation
patterns patterns (e.g. tissue, genotype, treatments).    
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between 1 and 3.

lo
g
 P

(k
)

Log (k)

Node 10

Node 11

Node 12

   The degree to which one node is connected to another (connectivity - k) is a fundamental and 
quantifiable characteristic that measures the importance of each node in a network. Biological 
networks exhibit a scale free topology in which most nodes have few connections. This structure 
increases the robustness of the network because random elimination of multiple nodes will not 
cause the functional activity of the network to fail. However, elimination of a highly connected 
node, such as nodes 1 and 9 above (hubs), or nodes that connect one module to another 
(node 4) makes these networks susceptible to attack.
   The probability that a given node will have k links, the degree distribution - P(k), is used to 
determine if a network is scale free with few highly connected nodes or randomly connected 
and therefore more susceptible to system failure if nodes are arbitrarily eliminated. As opposed 
to a random network that follows a Poisson distribution, scale free degree distributions 
approximate a power law where P(k) is proportional to k^ -γ. Here γ indicates how important the 
hubs are within the network, as it reflects how connected the hubs are to the rest of the network
(3).
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researchers showed that regulatory connections
can feed back from metabolism to transcrip-
tion, which suggests that natural variation in
transcripts not only affects phenotypic varia-
tion, but also that natural variation in metabo-
lites or their enzymatic loci can feed back to
affect their transcripts (64).

A systems biology approach incorporates the
synergistic connections between “omic” and
environmental influences into a comprehensive
framework. From this, key genetic, transcrip-
tome, proteome, and/or metabolomic interac-
tions can be modeled to provide an integrated
approach for identifying critical sites in which
to mediate therapeutic change. As the tools for
assaying global changes in gene expression, pro-
tein expression, and metabolite content become
more accessible to researchers, a paradigm shift
in the way we approach and analyze complex
traits is occurring (4a). Dissection of multi-
faceted disorders such as obesity into extensive
catalogs of proteins, genes, and metabolites
is giving way to the identification of emer-
gent traits. Because complex disorders involve
the interactions of many genes, network anal-
ysis of coexpressed genes elucidates the con-
text in which genetic and/or environmental
perturbations synergize to define health and
disease. When combined with high-throughput
multidimensional proteomic and metabolomic
analyses, the potential to unravel the ge-
netic basis of disease to predict effects of
change within a living system comes closer to
reality.

THE CHANGING FACE OF THE
NATURE OF VARIATION IN
OBESITY PHENOTYPES

Several important findings have recently
emerged that indicate increasing levels of com-
plexity in the nature of variation underlying,
and heritability of, complex traits such as obe-
sity. These include the burgeoning importance
of RNAs, additional new sources of variation
such as copy number variants, and transgener-
ational epigenetics.

Fantom: Functional
Annotation of the
Mouse

ENCODE:
Encyclopedia of DNA
Elements

mRNA: messenger
ribonucleic acid

TUFs: transcripts of
unknown function

TSSs: transcriptional
start sites

“New” Sources of Genetic Variation:
The Rise of RNA

Until recently, relevant genetic variation was
thought to only exist within annotated genes
and their closely linked regulatory regions
(Figure 5). The annotated human genome con-
tains 20,000 to 25,000 protein-coding genes,
which is similar to reported estimates for the
yeast, fly, and worm genomes. Since mam-
mals presumably require more proteins to
function than these lower animals, it has
been thought that additional protein complex-
ity is produced by alternatively splicing tran-
scripts from the same locus. New genome-
wide techniques are showing that several
additional transcriptional mechanisms could
account for protein diversity in mammals
(Figure 5), which suggests that nucleotide se-
quence polymorphisms that affect development
of complex phenotypes could exist in nearly any
region of the genome.

The Functional Annotation of the Mouse
(Fantom) Project and Encyclopedia of DNA
Elements (ENCODE) Project consortia have
recently published pilot data showing that the
transcriptome is far larger and more biolog-
ically active than previously thought. Several
lines of evidence from these studies support the
idea that it is time to reconsider how we relate
genetic variation to phenotypes (19). First,
the Fantom3/Genome Network Project found
that 66% of the mouse genome is transcribed
(3), and the ENCODE Project Consortium
estimated that as much as 93% of the human
genome is capable of being transcribed, which
is in stark contrast to previous estimates of
1% to 2% for messenger ribonucleic acid
(mRNA) protein-coding regions (14). The
ENCODE project found that a large popula-
tion of these transcripts were unannotated and
have no known function, they are referred to
as transcripts of unknown function (TUFs).
Second, >65% of the annotated genes have
additional 5′ distal transcriptional start sites
(TSSs) that appear to be tissue specific and
relate to the production of TUFs (11). Third,
annotated genes averaged 5.4 transcripts,
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miRNAs: micro
ribonucleic acids

siRNAs: short
interfering ribonucleic
acid

RNAi: ribonucleic
acid interference

with only 1.7 potentially coding for proteins
(11). Many of these additional transcripts are
antisense transcripts (from strand opposing
the protein-coding strand) that overlap the
same region of annotated genes from sense
transcripts (from the protein-coding strand
of DNA) (14, 29). Fourth, mature transcripts
can be created by using exons from annotated
introns and intergenic regions (48) as well as
by fusing exons separated by long distances
and containing intervening loci (48). Fifth,
epigenetic chromatin structure and histone
modifications can effectively predict the
location and activity of TSSs (48).

Taken together, these results indicate that
phenotypic variation is not necessarily limited
to genetic variation within annotated gene re-
gions, because transcripts can be made from
DNA sequences outside classic gene regions.
Therefore, SNPs outside of annotated gene re-
gions could very well provide a large source of
genetic variation contributing to the develop-
ment of complex traits like obesity. Hence, the
search for obesity genes may lead to genomic se-
quences that are not genes at all. And given the
complexity of the genomic machinery that pro-
duces transcripts, it has been suggested that it
may be more straightforward to treat functional
RNA transcripts as the fundamental units of the
genome (19) and potentially as the mechanism
for translating genomic architecture to pheno-
type.

The identification of large numbers of
TUFs raises questions concerning their func-
tion and the possibility that they are involved
in biology of metabolism and obesity. We can
get an idea of their biological role by con-
sidering what we already know about small
RNAs such as microRNAs (miRNAs) and
short interfering RNAs (siRNAs). miRNAs and
siRNAs are known to be critically involved in
regulating mRNA translation and degradation,
and their regulatory pathways are collectively
referred to as RNA interference (RNAi) (for
review, see 60). The function of miRNA re-
mains poorly understood, but generally it is
thought that miRNA often reduces translation
efficiency through imperfect base pairing to

mRNA. Interestingly, miRNA appears to play
an important role in metabolic disorders. For
example, in Drosophila, miRNA Mir-14 regu-
lates fat metabolism (66), and miRNA-278 reg-
ulates energy balance (57). In humans, miR-
375 regulates insulin secretion (44). Based on
these and similar results, an RNAi biotechnol-
ogy industry has grown around efforts to target
RNAs for pharmacological treatment of disor-
ders such as obesity.

Given the emerging biological role of RNA
transcripts and their potential relevance in
metabolism and obesity, polymorphisms in the
underlying DNA sequences that transcribe
TUFs could be considered as a potentially rich
source of functional genetic variation. For now,
evidence is emerging that miRNA target sites
may be an important polymorphic layer of func-
tional control. Chen & Rajewsky (4) found
that SNP polymorphisms in predicted miRNA
binding sites are likely to be deleterious and
are thus likely candidates for causal variants of
human disease. Saunders et al. (49) analyzed
publicly available SNP data in context with
miRNAs and their target sites throughout the
human genome and found a relatively low level
of variation in functional regions of miRNAs,
but an appreciable level of variation at target
sites. And Yu et al. (68) showed that SNPs lo-
cated in miRNA-binding sites affect miRNA
target expression and function and are poten-
tially associated with cancers.

Fortunately, emerging high-throughput and
very dense genotyping platforms will, even-
tually, insure that all functional regions of
the genome are included in scans for ge-
netic variation associated with obesity-related
complex traits. Although such scans will be
inherently unbiased in terms of finding the
general location of this underlying variation,
strategies for subsequent identification of the
causal variants may need to be broadened.
And polymorphisms related to miRNAs po-
tentially add complexity to the overall genetic
architecture of complex traits such as obe-
sity. A functional SNP in a region transcrib-
ing miRNA may have extensive pleiotropic
effects while also interacting with SNPs at
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miRNA target sites, leading to increased
epistasis.

“New” Sources of Genetic Variation:
Copy Number Variants

Copy number variations (CNVs) are emerg-
ing as another important “new” source of ge-
netic variation. As opposed to SNPs, which
are polymorphisms in single nucleotides, CNVs
are alterations involving insertions, deletions,
duplications, and complex sequence rearrange-
ments larger that 1 Kb. CNVs can alter pheno-
types by altering gene dosage, interfering with
gene expression, and disturbing gene regula-
tion. CNVs were first identified in the 1980s
but have been attracting more attention re-
cently because they are more common than pre-
viously thought (54). They are also becoming
highly associated with disease-related traits. For
example, CNVs are associated with susceptibil-
ity to HIV-1 (24) and lupus (1), are likely as-
sociated with susceptibility to cancer (6), and
probably play a role in modulating drug re-
sponses (37). An interesting example of CNVs
related to nutrition was recently presented by
Perry et al. (39), who found that copy number
of the salivary amylase gene is positively corre-
lated with salivary amylase protein level and that
individuals from populations with high-starch
diets have, on average, more salivary amylase
gene copies than those with traditionally low-
starch diets. This example of positive selection
on a copy number–variable gene has implica-
tions for the role of CNVs in contributing to
genetic variation for obesity and related traits.

Not surprisingly, CNVs are becoming rec-
ognized as important sources of genetic vari-
ability contributing to the expression of mouse
phenotypes. The capability to produce mouse
high-resolution maps of CNVs was recently
demonstrated using inbred mice comprising the
Mouse Phenome Database. Annotated genes
within the CNVs associate with known mouse
phenotypic traits (25). CNV maps have also
been produced for 42 inbred mice comprising
the Mouse Phenome Consortium (9). Food in-
take and CNV associations were tested to deter-

CNVs: copy number
variations

mine the utility of performing phenotype/CNV
associations. Interestingly, mouse strains with
either no amplification, duplications, or qua-
druplications across the candidate CNV lo-
cus had the highest, intermediate, and lowest
food intake levels, respectively (9). These re-
sults show that different inbred mouse strains
contain unique CNVs that can be associated
with specific phenotypic traits and that CNVs
may be a source of functional genetic variation
contributing to complex obesity. Given emerg-
ing technologies to rapidly genotype CNVs on
a genome-wide basis and the already dense map
of genetic predisposition for obesity in mice
(42), the importance of CNVs in genetic regu-
lation of obesity should soon be elucidated.

“New” Sources of Phenotypic
Variation: Epigenetics

It is widely accepted that most diseases and phe-
notypic traits develop from a complex interac-
tion between the genome and environmental
factors. Although the nature of this interaction
remains poorly understood, epigenetic research
has yielded remarkable insights into how the
epigenome can modulate phenotypic plasticity.
Epigenesis refers to chemical modifications to
the genome above the DNA sequence level and
falls into two main categories: DNA methyla-
tion and histone modification (for reviews, see
15, 46). The interaction between the genome
and environment via epigenesis is a key factor
determining phenotypic plasticity, which can be
defined as the ability of cells to change their be-
havior in response to internal or external envi-
ronmental cues (15). This ability is a key process
of normal development that enables develop-
ing phenotypes to become tuned with expected
environments.

Several lines of rodent research strongly
suggest that early developmental epigenetic
mechanisms are causally linked to metabolic
disease susceptibility. Diet exerts particularly
strong effects on metabolic phenotypes via
complex epigenetic processes. For example,
when inbred C57BL/6J mice are fed a high-fat
diet and other environmental factors are tightly
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controlled, Koza et al. (30) found that adipos-
ity and diabetes traits as well as gene expression
underlying these traits are highly variable. As
another example, rat dams given a low-protein
diet during pregnancy produce offspring that
develop abnormal metabolic function associ-
ated with gene methylation and histone acety-
lation of metabolically relevant receptors (33).
Concurrently supplementing rat dam diets
with folate, which promotes methyl group
provision, prevents development of metabolic
abnormalities of the offspring (34). Another
interesting example comes from two studies
showing that the phenotypic outcome induced
by a transient cue at a late period of develop-
ment is dependent upon earlier developmen-
tal environmental history. Using an in utero
maternal undernutrition model, Vickers et al.
(61) showed that the increased adult rat adipos-
ity effects stemming from maternal undernutri-
tion were offset by neonatal leptin treatment.
They concluded that leptin treatment signaled
adiposity to thin pups, which normalized their
metabolic development to produce a phenotype
adapted to a high-nutrition diet in adulthood.
Using a similar experimental design, the same
group showed that adult hepatic gene expres-
sion and epigenetic status were directionally de-
pendent upon their in utero maternal diet (20).
These results support a developmental origins
hypothesis for elements of metabolic diseases
(22, 62).

“New” Modes of Inheritance:
Transgenerational Epigenetics

Although epigenetic mechanisms are critical for
normal and disease-related somatic cell traits
acquired over a single generation, a fascinat-

ing question—especially in regard to complex
trait genetics—is whether epigenetic modifica-
tions within one generation can be transmitted
to the next generation and beyond. A growing
body of epidemiological and biological research
shows that a range of parental traits can be in-
herited by offspring even in the absence of the
cues that originally produced the parental trait.
Environmental challenge during pregnancy has
produced a number of interesting effects, sev-
eral involving nutritional and endocrine manip-
ulations, that could be explained by epigenetic
inheritance (for review, see 21). One of the more
interesting examples has been reported in hu-
mans. Pregnant women exposed to the Dutch
famine of 1944/1945 gave birth to smaller ba-
bies, an effect that persisted in their grandchil-
dren (55). This suggests that certain metabolic-
disorder phenotypes may reflect a mismatch in
predicted environments both within one gener-
ation, via epigenetic mechanisms, and between
generations, presumably via transgenerational
epigenetic inheritance.

According to the Neo-Darwinistic theory
of evolution, new phenotypes are created only
via random mutations in the DNA sequence;
adaptive phenotypes are naturally selected and
transmitted to offspring via the DNA sequence
in germ cells. Evidence for transgenerational
epigenetic inheritance calls into question the
dogma that DNA variation is the only source
of heritable variation. This adds an entirely
new level of complexity into the science of un-
derstanding the genetics of obesity. Because of
their rapid generation interval and their rela-
tive ease of experimental pliability, mouse mod-
els will play an instrumental role in elucidating
the effect of transgenerational epigenetics on
obesity-related traits.
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Figure 1

Simple microarray analysis comparing at least two
divergent but well-defined conditions in which
the biological system is perturbed by genetic or
environmental factors. (top) Two mice with very
different obesity phenotypes are depicted.
Although many platforms exist to assay global
changes in gene expression, the methods behind
microarray technology (center) rely on hybridiza-
tion of labeled RNA (or RNA-derived products
such as cDNA) to probes from thousands of
expressed genomic sequences. To depict
genomewide changes in gene expression, a heat
map is often used (bottom). Here, genes that show
a decrease in expression are assigned a color that
changes in intensity as transcript abundance
changes relative to other genes on the array.
Statistical algorithms cluster together genes with
similar patterns of expression within an experi-
mental group. Each row represents expression of
a single gene, and each column represents an
experimental individual or group.
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Figure 2

Expression quantitative trail loci (eQTL) represent loci controlling variation in mRNA abundance that are
genetically mapped by recombination within a segregating population. Each eQTL represents an expressed
transcript whose underlying genomic location is known. When an eQTL’s position coincides with the tran-
script’s location (a), changes in expression are controlled by the regulatory regions of the transcript itself
and are termed cis eQTL. Cis eQTL that underlie a confidence interval of a phenotypic QTL serve to bet-
ter localize the QTL and identify positional candidates. Conversely, when genetic and genomic positions
do not correspond, regulation of the transcript maps elsewhere in the genome and is termed trans eQTL.
Trans eQTLs tend to cluster (b) at various locations within the genome, revealing transcription hot spots in
which a master regulator controls transcription of multiple genes. LOD, logarithm of the odds (to the base
10).
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Figure 3

Pairwise correlations between mRNA abundance of genes demonstrate the coordinated expression of genes
in response to genetic or environmental perturbations. Topological overlap matrix (TOM) plots (a) depict
the clustering of correlated genes into distinct groups, or modules. Here, the expression of each gene is com-
pared with all other genes in the assay, one by one. Each correlation between a pair of genes is assigned a
color based upon the strength of the correlation measure (bottom bar). In this TOM, the stronger correla-
tions are red; weaker ones are yellow. Coexpression modules represent the basic unit of regulation elicited
from the coordinated expression of genes in response to environmental or genetic change. To better under-
stand the relationships between transcripts within a module, expression networks are used to identify the
overall organization of control within the module. Genes from the blue module from the TOM plot (b) are
depicted in network to demonstrate several organizational principles common to all biological networks.
Another organizational property of natural networks depicted by the blue module network is that of scale-
free topology (pattern of connections between nodes). There are few connections between most nodes,
although one or two nodes are highly connected.
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Figure 4

Complex trait analysis requires an approach that interrogates and integrates multiple levels of organization.
Systems biology integrates multidimensional data from multiple experiments that examine global changes
in an organism, tissue, or cell in response to alterations in genetic composition or environment. For exam-
ple, (a) quantitative trail locus (QTL) mapping localizes the genetic influences that underlie a complex
trait, and expression profiling identifies alterations in global patterns of expression. When integrated with
transcriptome analysis (b) to identify regulatory sites for transcription [trans expression QTL (eQTL) map-
ping] and functional networks of transcript interaction, a detailed overview change in response to genetic
or environmental perturbations emerges. But not all alterations in transcription translate into enzymatic or
structural protein and metabolite modifications that are often the hallmark of complex genetic disorders.
Therefore, including proteomic assays (c) such as 2-D gel analysis and metabolomic evaluation by mass
spectrometry and/or nuclear magnetic resonance testing yields deeper insights into the synergistic interac-
tions that give rise to disease phenotypes and also serve to identify biomarkers for the development of ther-
apeutic agents.
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Figure 5

The transcriptome is large and complex. (a) Previously, it was thought that only genes were transcribed into functional transcripts.
Genes were composed of a transcriptional start site, regulatory elements (not shown), exons (colored nodes), and introns, which were
transcribed to produce primary transcripts that could be alternatively spliced to produce additional protein-coding transcripts. Thus,
only polymorphisms within gene regions (and their closely linked regulatory regions) were thought to affect phenotypes. (b) The
genome is pervasively transcribed. Annotated gene regions can produce many varieties of transcripts. Multiple transcriptional start
sites appear to produce varieties of transcripts from overlapping DNA sequences, including short RNAs (colored rectangles).
Interestingly, exons from different annotated gene regions and separated by long distances can be fused to form transcripts.
Additional transcripts are produced from sense intronic (e.g., short RNAs), antisense DNA sequences and intergenic gene regions
(not shown). Therefore, DNA sequence polymorphisms throughout the genome could affect phenotypes. MS, mass spectrometry;
NMR, nuclear magnetic resonance.
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