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Abstract

Gene expression QTL (eQTL) mapping can suggest
candidate regulatory relationships between genes.
Recent advances in mammalian phenotype annotation such as mammalian phenotype ontology (MPO)
enable systematic analysis of the phenotypic spectrum subserved by many genes. In this study we
combined eQTL mapping and phenotypic spectrum
analysis to predict gene regulatory relationships. Five
pairs of genes with similar phenotypic effects and
potential regulatory relationships suggested by eQTL
mapping were identified. Lines of evidence supporting
some of the predicted regulatory relationships were
obtained from biological literature. A particularly
notable example is that promoter sequence analysis
and real-time PCR assays support the predicted regulation of protein kinase C epsilon (Prkce) by cAMP
responsive element binding protein 1 (Creb1). Our
results show that the combination of gene eQTL
mapping and phenotypic spectrum analysis may provide a valuable approach to uncovering gene regulatory relations underlying mammalian phenotypes.

Introduction
Uncovering the gene networks underlying complex
phenotypes is an important goal of mammalian
genetics and genomics. Mammalian phenotypes are
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often polygenic, involving multiple interacting
genes. Many allele-phenotype relationships have
been discovered by studying the effects of naturally
occurring genetic variations or experimentally induced mutations (Badano and Katsanis 2002; Gkoutos et al. 2004; McKusick 1998; Nadeau et al. 2001;
Rikke and Johnson 1998; Skarnes et al. 2004; Smith
et al. 2005; Stenson et al. 2003). Such allele-phenotype relationships provide crucial insights into the
genetic basis of phenotypes. Recently, the mammalian phenotype ontology (MPO) project (Smith et al.
2005) has emerged as an effort to standardize the
description and annotation of phenotypes and provide a central depository of the known allele-phenotype relationships accumulated during the past
decades. MPO uses a hierarchically structured
vocabulary to describe phenotypes. The structure of
MPO is a directed acyclic graph (DAG) in which
child nodes represent more detailed classifications of
the phenotypes than those represented by their parent nodes. Genes (alleles) are annotated to the nodes
according to the experimentally derived allele-phenotype relationships. Collectively, the MPO nodes
associated with a gene represent the phenotypic
spectrum of that gene. Transcriptional regulation is
central to variation in many phenotypes, so regulatory interactions between two genes may result in
significant similarities in the spectrum of phenotypes the genes affect. Similarly, similarities in the
phenotypes of different genes often suggest functional relationships between those genes (Asthana
et al. 2004; Bao and Sun 2002; Clare and King 2002;
Gunsalus et al. 2005; King et al. 2003). By using yeast
phenotype data and a supervised learning approach,
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Clare and King (2002) were able to predict functions
of 83 uncharacterized yeast genes with an estimated
accuracy of 80%. By studying the early embryogenesis of C. elegans, Gunsalus et al. (2005) found that
proteins clustered by phenotypic similarity are more
likely to interact physically with one another.
Therefore, a pair of genes annotated with similar
phenotypes when disrupted may be considered candidates for involvement in the same pathways or in
some type of interaction, including transcriptional
regulation. Obviously, independent data are required
for further evaluation of the candidate regulatory
relationships derived from phenotypic spectrum
analysis.
Gene expression QTL (eQTL) mapping provides
another approach to identify candidate regulatory
relations (Bing and Hoeschele 2005; Brem and
Kruglyak 2005; Brem et al. 2002, 2005; Bystrykh et
al. 2005; Chesler et al. 2005; de Koning and Haley
2005; de Koning et al. 2005; Doss et al. 2005; Hubner
et al. 2005; Jansen and Nap 2001; Kirst et al. 2004; Li
and Burmeister 2005; Li et al. 2005, 2006 Mehrabian
et al. 2005; Monks et al. 2004; Morley et al. 2004;
Ronald et al. 2005; Schadt et al. 2003, 2005; Storey et
al. 2005; Wayne and McIntyre 2002; Yvert et al.
2003; Zhu et al. 2004). In this approach a population
is genotyped at a number of markers, and variations
in gene expression levels in a tissue or structure are
measured across the population using microarrays.
These gene expression levels are then mapped as
quantitative traits, and QTL regulating gene
expression are identified. The genes in a QTL interval are potential regulators for the genes whose
expression levels are influenced by this QTL. It is
notable that the regulatory relationship we are
referring to here does not have to be direct interactions in the usual sense; they can be indirect regulatory response to changes in the system that result
from a genetic polymorphism.
In this work we combined phenotypic analysis
and eQTL mapping to identify the regulatory relations underlying mammalian phenotypes. Currently, tissue-specific (forebrain and hematopoietic
stem cell) gene expression data are available for
mouse BXD recombinant inbred (RI) strains (Bystrykh et al. 2005; Chesler et al. 2005). Two classes of
phenotypes related to these tissues, behavior/neurologic phenotypes and hematopoietic system phenotypes, were analyzed. We selected genes with
similar phenotypic spectra based on the phenotype
ontology annotations, and then assessed whether a
regulatory relationship between the genes is supported by the eQTL mapping result. We predicted
five candidate regulatory relations, two of which are
supported by lines of evidence in the published lit-
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erature. Transcription factor binding site analysis
and real-time PCR assays further support the predicted regulation of Prkce (protein kinase C, epsilon)
by Creb1 (cAMP responsive element binding protein
1) in PC12 cells.
Material and methods
QTL mapping and significance testing. All genotype and gene expression data were obtained from
BXD RI strains generated from C57BL/6J · DBA/2J
progenitors. The genotypes of these BXD strains
were characterized using 3795 markers that have
been carefully error-checked (Williams et al. 2001;
Wiltshire et al. 2003). Two published microarray
data sets were used: gene expression data of forebrains of 32 BXD strains (Chesler et al. 2005) and
that of hematopoietic stem cells from 30 BXD
strains (Bystrykh et al. 2005). The forebrain data of
two strains (BXD67 and BXD68) that were not fully
inbred were excluded from the analysis. The original
microarray data were processed using the Robust
Multichip Average (RMA) method of background
correction, quantile normalization, and summarization of cell signal intensity (Bolstad et al. 2003). All
the data are available from the Genenetwork website
at http://www.genenetwork.org.
Genome-wide QTL mapping was carried out for
each transcript in the forebrain or hematopoietic
stem cell data set using a standard marker regression
protocol (Manly et al. 2001). Briefly, the regression
model estimates the additive effects of alleles:
yi ¼ b 0 þ b 1 x i þ e i
where yi is the expression trait, xi is the marker
genotype, and ei is the random effect for the ith
individual. The largest likelihood ratio statistic
(LRS) of each transcript across the genome was
determined and the corresponding empirical genome-adjusted p value (Churchill and Doerge 1994)
was estimated using 5000 independent permutations
of the original transcript trait values. An eQTL was
considered significant if the p < 0.05. The QTL
intervals were estimated using the 1.5 log-of-odds1
(LOD) rule (Dupuis and Siegmund 1999; Lander and
Botstein 1989).
Similarity between phenotypic spectra. Mammalian phenotype (MP) annotations of mouse genes
were retrieved from the Mammalian Phenotype
Browser (May 18, 2005, data freeze) (Smith et al.
1
The relation between log of odds (LOD) and the likelihood ratio
statistic (LRS) is: LOD = LRS/4.61.2.
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2005). For the forebrain data set, we used the annotations descending from the MP term ‘‘behavior/
neurological phenotype’’ (MP:0005386). For the
hematopoietic stem cell data set, we used those
annotations descending from of the MP term
‘‘hematopoietic system phenotype’’ (MP:0005397).
Noting that annotations were usually assigned at the
most specific levels, we recursively included annotations implied by the structure of the mammalian
phenotype ontology, so that if a MP term was associated with a gene, then all the ancestors of the MP
term should also be associated with that gene. The
phenotypic similarity between two genes was computed using the following formula:
X

PhenoSimði; jÞ ¼

SðcÞ

ð1Þ

c2CMP

where CMP is the set of all the common MP terms
associated with the two genes i and j, satisfying the
criterion that no MP term is the ancestor of the other
MP terms in this set. SðcÞ is the score of a MP term c
and is defined as
SðcÞ ¼  log

 
Nc
N

ð2Þ

where Nc is the number of genes associated with the
MP term c and N is the number of genes associated
with the root MP term of a selected branch of the
MPO DAG (i.e., MP:0005386 or MP:0005397). The
score decreases as the MP term approaches the root,
and the root MP term has the minimum score of zero
(Lord et al. 2003). Based on this scoring method, the
more specific MP terms two genes share, the higher
the phenotypic similarity between the two genes.
Transcription factor binding site analysis. The
1000-bp upstream regions of the target genes were
extracted from the mouse genome annotation database (Kent et al. 2002). The MATCH program (Kel
et al. 2003) was used to assess whether there were
any putative transcription factor binding sites for
predicted modulators. The computed matrix similarity scores were compared with the preset cutoffs
that minimize the sum of false-positive and falsenegative error rates.
Biological reagents and cell culture. PC12 and
NIH 3T3 cells were obtained from ATCC. Forskolin
was obtained from Fisher (No. 053155). PC12 cells
were plated at 1 · 104 cells/cm2 every five days in
Dulbecco’s modified Eagle’s medium (DMEM) supplemented with 10% DCS (Hyclone Laboratories,
Logan, UT), 100 lg/ml penicillin G, and 100 lg/ml
streptomycin.

Fig. 1. The procedure for identifying gene regulatory relationships.

Quantitative Real-Time PCR. Total RNA was
isolated from PC12 cells using TRIzol reagent (Invitrogen, Carlsbad, CA). Quantitative real-time PCR
(RT-PCR) was performed on a SmartCycler (Cepheid,
Sunnyvale, CA) using the AccessQuickTM RT-PCR
system (Promega, Madison, WI) and SYBR green I
(Molecular Probes, Eugene, OR) according to the
manufacturers’ instructions. The following forward
and reverse primers were used for each gene respectively: Prkce, 5¢-AGGAGATTGACTGGGTACTG3¢, 5¢-AGTGTAAGTATTGGCTCTTC-3¢; b-actin,
5¢-AAGGAGATTACTGCTCTGGC-3¢, 5¢-ACATC
TGCTGGAAGGTGGAC-3¢. Reverse transcription
was performed at 48C for 45 min. RT-PCR cycling
parameters were as follows: denaturation at 95C for
2 min, amplification at 94C for 30 sec, and 62C for
30 sec for 35 cycles. The product size was initially
monitored by agarose gel electrophoresis and melting curves were analyzed to control for specificity of
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Table 1. Predicted regulatory relationships

Target
gene
Target gene
symbol description

Regulator
gene
Regulator
eQTL
gene description
p valuea symbol

Common MP term

Smn1

survival motor
neuron 1

0.02

Cpe

carboxypeptidase E

MP:0000745 tremors
MP:0001431 abnormal
feeding behavior
MP:0003313 abnormal
locomotor activation

Prkce

protein kinase
C, epsilon

0.01

Creb1

cAMP responsive
element binding
protein 1

MP:0002065 abnormal
fear/anxiety-related behavior
MP:0002069 abnormal
feeding/drinking behavior

Avpr2

arginine vasopressin
receptor 2

0.05

Prkce

protein kinase C, epsilon MP:0001422 abnormal
drinking behavior

Tfrc

transferrin receptor

0.03

Epb4.1

Ada

adenosine deaminase 0.03

Hmgb3

erythrocyte protein
band 4.1
high mobility
group box 3

MP:0001585 hemolytic anemia
MP:0002124 abnormal red blood cell
MP:0002398 abnormal bone
marrow cell Morphology/development
MP:0005460 abnormal leucopoiesis

a

Empirical p value of the eQTL from 5000 permutation tests.

PCR reactions. The relative abundance of gene
expression was normalized to the expression of the
housekeeping gene b-actin. The relative units were
calculated from a standard curve, plotting three different concentrations against the PCR cycle number
at which the measured intensity reaches a fixed value (with a tenfold increment equivalent to approximately 3.1 cycles).
Results and discussion
There were 463 genes on the U74Av2 microarray
that were annotated to behavior/neurologic phenotypes and 403 annotated to hematopoietic system
phenotypes. The procedure of our analysis is shown
in Fig. 1. We computed the phenotypic similarity
scores between each gene pair and selected the top
5% of gene pairs with the highest similarity scores
for further analysis. For a pair of genes i and j with
high phenotypic similarity, if the expression trait of
gene i maps to the genomic region where gene j is
located, then gene j is considered a candidate regulator of gene i and vice versa. This strategy resulted
in the discovery of three regulatory relationships
underlying behavior/neurologic phenotypes and two
underlying hematopoietic system phenotypes (Table 1). The list of eQTL controlling expression traits
of genes in the top 5% gene pairs can be found in the
supplementary tables.
Using our method, we predicted that Creb1 is a
regulator of protein kinase C epsilon (Prkce) (Ta-

ble 1). Some independent lines of evidence also
support this prediction (Fig. 2). Creb1 encodes a
transcription factor that binds to the cAMP-responsive element and induces transcription in response
to stimulation of the cAMP pathway. Using sequence analysis, we identified a putative Creb1
binding site in the promoter region of Prkce (Table 2). In addition, a recent study has described an
interaction between cAMP and Prkce pathways
(Parada et al. 2005). Parada and colleagues found that
hyperalgesia is enhanced by the recruitment of the
cAMP/PKCepsilon signaling pathway in addition to
the usual cAMP/PKA pathway (Parada et al. 2005).
To test the predicted regulatory relationship between Creb1 and Prkce experimentally, quantitative
real-time PCR assays were performed for Prkce using
RNA from untreated and Forskolin -treated (25 lM,
1 h) PC12 cells. Forskolin is a well-known activator
of Creb1. Expression of Prkce (Fig. 3) in forskolintreated cells was approximately 40% of that in untreated cells (p = 0.02, Student’s t-test). Consistent
with our prediction, this result suggests that Creb1
influences the expression of Prkce. To test the
specificity of these results, we performed the same
PCR analysis in the NIH 3T3 cells. In contrast to the
negative regulation of Prkce by Creb1 in PC12 cells,
similar Prkce mRNA levels were detected in untreated and forskolin-treated (25 lM, 1 h) 3T3 cells
(Fig. 3) (p = 0.4, Student’s t-test), indicating that the
regulatory relationship between Prkce and Creb1 is
cell-type specific. Many genes have upstream cAMP
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Fig. 2. Evidence showing that

Creb1 regulates expression of
Prkce. Upper panel: The Creb1
gene is located in the eQTL
interval that influences Prkce
expression. Middle panel:
Promoter sequence analysis
identifies a putative Creb1
binding site in the promoter
region of Prkce. Lower panel:
Mutagenesis studies show that
disruption of either Creb1 or
Prkce results in both abnormal
feeding/drinking behavior
(MP:0002069) and abnormal
fear/anxiety-related behavior
(MP:0002065) (Smith et al.
2005).

response elements. A recent genome-wide Creb1
occupancy study showed that about 17% of human
genes possess cAMP response elements; however,
only less than 2% of these genes actually respond to
cAMP agonist forskolin in a tissue-specific manner
(Zhang et al. 2005). Thus, about 0.34% of the human
genes might be induced by cAMP in a specific cellular context. Assuming comparable effects of Creb1
in mouse, the chance of observing forskolin-induced
expression change (like that we observed in Prkce) of
a randomly selected gene would be very small.

Prkce belongs to a family of serine- and threonine-specific protein kinases, PKC, which can be
activated by calcium and the second messenger
diacylglycerol. It has been shown to be involved in a
myriad of cellular functions such as neurite induction (Zeidman et al. 2002), apoptosis (Basu et al.
2002), cardioprotection from ischemia (McCarthy et
al. 2005), and heat shock response (Wu et al. 2003).
Knockout studies in mice suggest that Prkce is
important for lipopolysaccharide (LPS)-mediated
signaling in activated macrophages and may also

Table 2. Sequence analysis predicts a Creb1 binding site in the Prkce promoter region

Target gene
symbol

Regulatory
gene symbol

Matrix
accession

Positiona

Orient

Match
score

minSUM
cutoffb

minFN
cutoffc

Prkce

Creb1

V$CREB_Q3

)643



0.999

0.92

0.89

Match program (Kel et al. 2003) was used to determine putative Creb1 binding sites in the promoter regions of Prkce.
a
Nucleotide position upstream of the target gene’s transcription start site.
b
The minSUM cutoff is preset by the Match program to minimize the sum of false-positive and false-negative rates.
c
The minFN cutoff is preset by the Match program to tolerate less than 10% false-negative rate.
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Fig. 3. Creb1 influences the expression of

Prkce. Quantitative real-time PCR assays
for Prkce were performed on RNA prepared
from 3T3 and PC12 cells that were either
not treated or treated with 25 lM forskolin
for 1 h. The mRNA was from three
independent experiments. Real-time PCR
was performed in triplicate. The results
were normalized to b-actin expression and
were expressed as percentage relative to the
level of expression in the absence of
forskolin treatment.

play a role in controlling anxiety-like behavior (Aksoy et al. 2004; Gruber et al. 2005; Khasar et al.
1999). Creb1 is a member of a transcription factor
family consisting of CREB, CREM, and ATF (reviewed in Mayr and Montminy 2001; Shaywitz and
Greenberg 1999). While PKC was found to phosphorylate and activate Creb1, a direct link between
Prkce and Creb1 is not clearly established. In this
work, we found that forskolin treatment, which is
known to activate Creb1, inhibited expression of
Prkce. These results indicate that the Creb1 may be
part of an autoregulatory feedback pathway that
downregulates Prkce expression to control activation of Creb1. Interestingly, the regulation of Prkce
by Creb1 was found in PC12 cells but not in NIH3T3
cells. Further studies will be needed to characterize
the cell-type specificity of this regulation.
We also predicted that Prkce is a regulator of
Avpr2, a type 2 arginine vasopressin receptor (Table 1). Interestingly, DeCoy et al. (1995) found that
Prkce is involved in regulating the arginine vasopressin effect on salt transport and that downregulation of Prkce enhances and sustains arginine
vasopressin-stimulated Na+ absorption.
Identification of gene regulatory relationships
underlying mammalian phenotypes is crucially
important for uncovering the molecular basis of al-

lele-phenotype relationships. Phenotypic similarities between genes have been shown to be highly
suggestive of functional relationships (Asthana et al.
2004; Clare and King 2002; Gunsalus et al. 2005;
King et al. 2003). The recently developed mammalian phenotype ontology makes the previously unformatted biological knowledge of phenotypes and
their genetic causes ‘‘computable’’ by standardizing
the description system (Smith et al. 2005). Our approach combines computational analysis of phenotype similarity and eQTL mapping to predict
regulatory relationships related to two classes of
mammalian phenotypes: ‘‘behavior/neurological
phenotype’’ (MP:0005386) and ‘‘hematopoietic system phenotype’’ (MP:0005397). Currently, 34 highlevel classes of phenotypes are included in the
Mammalian Phenotype Browser (http://www.informatics.jax.org/searches/MP_form.shtml).
These
high-level phenotype classes are the immediate child
nodes of the root. Among them, 21 phenotype classes are related to specific tissue types: adipose tissue
phenotypes, behavior/neurologic phenotypes, cardiovascular system phenotypes, craniofacial phenotypes, digestive/alimentary, endocrine/exocrine
gland phenotypes, hearing/ear phenotypes, hematopoietic system phenotypes, immune system phenotypes, limbs/digits/tail phenotypes, liver/biliary
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system phenotypes, muscle phenotypes, nervous
system phenotypes, pigmentation phenotypes, renal/urinary system phenotypes, reproductive system
phenotypes, respiratory system phenotypes, skeleton
phenotypes, skin/coat/nails phenotypes, taste/olfaction phenotypes, and vision/eye phenotypes. Our
study focused on the two classes of phenotypes
mentioned because microarray data from related
tissues are available for a genetic reference population. In principle, the same genome-wide genetic
study of gene expression can be carried out for any
tissue. Thus, our method can be used to discover
gene regulatory relationships underlying these phenotypes when the data for the related tissues become
available. It should be noted that eQTL mapping
indicates only transcriptional regulatory relationships. Other functional relationships (e.g., translational control) cannot be identified by this method.
Furthermore, our method relies on known MP
annotations of genes, hence limiting its application
to uncharacterized gene pairs.
To some extent, MPO depends on its constructors’ interpretation of the structure of biological
knowledge. Changes in the MPO structure may affect the score of phenotypic similarity. However, as
long as the structural changes do not affect the set of
common MP terms shared by a gene pair, the score
will remain unchanged. Our scoring scheme is robust against the changes in MPO structure between
the root and the common MP terms, thus alleviate
the uncertainty from the subjective factors of MPO.
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