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Abstract

Vocal learning is the ability modify vocal output based on auditory input and is

the basis of human speech acquisition. It is shared by few distantly related bird

and mammal orders, and is thus very likely to be an example of convergent evo-

lution, having evolved independently in multiple lineages. This complex behavior

is presumed to require networks of regulated genes to develop the necessary neu-

ral circuits for learning and maintaining vocalizations. Deciphering these networks

has been limited by the lack of high throughput genomic tools in vocal learning

avian species and the lack of a solid computational framework to understand the

relationship between gene expression and behavior. This dissertation provides new

insights into the evolution and mechanisms of vocal learning by taking a top-down,

systems biology approach to understanding gene expression regulation across avian

and mammalian species. First, I worked with colleagues to develop a zebra finch

Agilent oligonucleotide microarray, including developing programs for more accu-

rate annotation of oligonucleotides and genes. I then used these arrays and tools

in multiple collaborative, but related projects, to measure transcriptome expression

data in vocal learning and non-learning avian species, under a number of behavioral

paradigms, with a focus on song production. To make sense of the avian microarray

data, I compiled microarray data from other sources, including expression analyses

across over 900 human brain regions generated by Allen Brain Institute. To com-

pare these data sets, I developed and performed a variety of computational analyses
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including clustering, linear models, gene set enrichment analysis, motif discovery,

and phylogenetic inference, providing a novel framework to study the gene regula-

tory networks associated with a complex behavior. Using the developed framework,

we are able to better understand vocal learning at different levels: how the brain

regions for vocal learning evolved and how those brain regions function during the

production of learned vocalizations. At the evolutionary level, we identified genes

with unique expression patterns in the brains of vocal learning birds and humans.

Interesting candidates include genes related to formation of neural connections, in

particular the SLIT/ROBO axon guidance pathway. This algorithm also allowed

us to identify the analogous regions that are a part of vocal learning circuit across

species, providing the first quantitative evidence relating the human vocal learning

circuit to the avian vocal learning circuit. With the avian song system verified as

a model for human speech at the molecular level, we conducted an experiment to

better understand what is happening in those brain regions during singing by pro-

filing gene expression in a time course as birds are producing song. Surprisingly, an

overwhelming majority of the gene expression identified was strongly enriched in a

particular region. We also found a tight coupling between the behavioral function of

a particular region and the gene expression pattern. To gain insight into the mech-

anisms of this gene regulation, we conducted a genomic scan of transcription factor

binding sites in zebra finch. Many transcription factor binding sites were enriched

in the promoters of genes with a particular temporal patterns, several of which had

already been hypothesized to play a role in the neural system. Using this data set

of gene expression profiles and transcription factor binding sites along with separate

experiments conducted in mouse, we were able uncover evidence that the transcrip-

tion factor CARF plays a role in neuron homeostasis. These results have broadened

our understanding of the molecular basis of vocal learning at multiple levels. Overall,

this dissertation outlines a novel way of approaching the study of the relationship
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between genes and behavior.
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1

Introduction

A central goal of neurobiology is to understand complex behaviors. To do so, tech-

niques have been developed to characterize behavior as well as the corresponding

functional anatomy, neural circuitry, genetics, and the molecules involved. A major

stumbling block to understanding behavior as a whole has been the integration of

these multiple levels of description for one process (Jarvis et al., 2002). To overcome

this limitation, systems biology provides a solution. Systems biology can be defined

as the study of how different components interact to determine the global behavior

of a biological system. A recent increase in the use of systems biology techniques

in neuroscience resulted from improvements in computing power and the ease at

which high-throughput neural data of different types can be gathered (Grant, 2003;

Le Novère, 2007). In my thesis project, I developed systems biology methods to

study the molecular properties of a learned, natural behavior song that is in many

ways analogous to human speech (Jarvis, 2004; Doupe and Kuhl, 1999). In the in-

troduction is what we already know about vocal learning behavior and previously

discovered molecular relationships.
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1.1 Vocal learning behavior and anatomy

1.1.1 Vocal learning evolution

Vocal learning is the ability to modify vocal output based on auditory input. This

complex trait is shared by few mammals and birds (Fig. 1.1). These include several

marine mammals, whales and dolphins (cetaceans) and seals (pinnipeds) (Schuster-

man, 2008), bats Saccopteryx bilineata (Knörnschild et al., 2010), and elephants

(loxodanta) (Poole et al., 2005) among mammals and they include songbirds (os-

cines), parrots (psittaciformes), and some hummingbirds (apodiformes) among birds

(reviewed in Jarvis, 2004). Although non-human primates have the ability to modify

their vocal output, there is no strong evidence that the variation in vocalizations is

learned (Iacoboni, 2009). It has recently been found that goats (Briefer and McEl-

ligott, 2012) and mice (Arriaga et al, unpublished) have a very limited ability to

modify their vocalizations, but so far not advanced complex vocal learning of novel

sounds. Given that new vocal learners are still being identified, it is important not

to make untested assumptions about the lack of vocal learning ability.

Because it is sparse in birds and mammals (Fig. 1.1), vocal learning is a well

accepted example of convergent evolution, having evolved multiple times in different

lineages. However, the exact relationship of vocal learning evolution in birds is still

under debate. The avian phylogeny generated by Sibley and Ahlquist (1990) using

DNA-DNA hybridization, separated the vocal learning species by a large evolutionary

distance. However, a more recent phylogeny based on 19 genes generated by Hackett

et al. (2008) brings songbirds and parrots closer together, suggesting the possibility

that they might have a common vocal learning ancestor, and that the suboscine

songbirds lost the trait. In either case, it very likely that vocal learning has evolved

multiple times in both birds and mammals. When it does evolve, similarities are

found at the behavioral, neuroanatomic and genetic levels, with properties similar

2



Figure 1.1: Avian and mammalian family trees highlighting known vocal learners
from Fitch and Jarvis, 2012, unpublished). (A) The Mammalian phylogenetic tree
based on DNA sequences and fossil data (Murphy et al., 2001), updated with addi-
tional genomic and fossil data (Murphy et al., 2007; Spaulding et al., 2009; Springer
et al., 2003). The relationships among bats, dolphins and canivores (cat, dog, and
seal) vary among studies. (B) The Avian tree of major orders based on DNA se-
quence analyses of parts of 19 genes (Hackett et al., 2008). The Latin name of each
order is given along with examples of common species. The passeriforme (songbird)
order is divided into their suborders, to separate vocal learners (oscine songbirds)
from vocal non-learners (suboscine songbirds). Closed and open circles show the
minimal ancestral nodes where vocal learning could have either evolved as indepen-
dent gains or losses, respectively. Independent losses would have at least required
one common vocal learning ancestor. The trees are not meant to present the final
dogma of mammalian and avian evolution, as there are some significant differences
of between studies.
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to adjacent motor pathways which has led some propose “deep homologies”, at the

molecular and anatomical levels among vocal learning and mammals (Feenders et al.,

2008; Fitch et al., 2010; Scharff and Petri, 2011; Katz, 2011). These similarities at

the anatomical and/or genetic levels are described below.

1.1.2 Vocal learning neural circuit

The neural circuit for vocal learning has been characterized primarily in humans and

song learning birds. Studying vocal learning brain circuits in non-human mammals,

such as whales and dolphins, is difficult because of the tractability as a model organ-

ism. This had led to the “song system” of songbirds as the dominant model organism

for the study of human speech production. This system is made of up two major

sub-pathways (Fig. 1.2A): the posterior vocal motor pathway, which is involved in

coding/production of the song and the anterior vocal pathway which feeds back into

the vocal motor pathway leading to the learning of song (reviewed in Jarvis et al.,

2005). The vocal motor pathway includes the song nucleus HVC, which is known to

encode the song sequence of syllables, initiates both pathways, and its target RA,

which encodes the acoustic structure of the song syllables (Fee et al., 2004). RA then

projects directly to the 12th motor neurons (XII), which controls the syringeal mus-

cles that produce vocalizations. The anterior pathway forms a loop, where LMAN

projects to Area X, which projects to a dorsal thalamic nucleus (DLM,) that in turn

projects back to LMAN (Scharff and Nottebohm, 1991; Jarvis et al., 2005). HVC,

LMAN, and RA are cortical-like structures with HVC and LMAN residing in the

nidopallium, and RA in the arcopallium. In contrast, Area X is a part of the stria-

tum in the basal ganglia (Reiner et al., 2004; Jarvis et al., 2005). During juvenile

song learning, LMAN and DLM are thought to generate variability, whereas Area

X generates stereotypy for the learned song (Scharff and Nottebohm, 1991; Jarvis

et al., 2005; Goldberg and Fee, 2011). The lateral part of the anterior pathway then

4



feeds back into HVC and the lateral part into RA (Kubikova et al., 2007). In ad-

dition to being required for song acquisition, this pathway has more recently been

found to play a role real time small modifications to adult production of learned song

(Kobayashi et al., 2001; Kao et al., 2005; Kao and Brainard, 2006).

Similar brain systems have been found in a parrot (budgerigar) and the less

well-characterized circuit in hummingbird (Fig. 1.2C; Jarvis, 2004). The names of

these regions have been given different terms for each set of species, due to the

view of their independent evolution. The songbird Area X corresponds to the parrot

MMSt and the hummingbird VAS. The songbird LMAN corresponds to parrot NAOc

and hummingbird VAN. The songbird HVC corresponds to the parrot NLC and

the hummingbird VLN. The songbird RA correspond to the parrot AAC and the

hummingbird VA. The parrot AAC is split into a dorsal component that like songbird

RA makes the direct projection to XII vocal motor neurons in songbirds, and a

ventral component that unlike songbird RA projects to the anterior pathway. There

are other small differences in the songbird and parrot song pathways that are likely

results in behavioral differences between the two groups of species. These song nuclei

are not found in the vocal non-learning birds (Jarvis et al., 2005), including quail

and ring dove (Fig. 1.2C). This points to convergent evolution at the level of the

neural circuit.

In humans, similar brain regions controls speech production that begin in Brocas

area, loops through the anterior striatum, and connects back to the cortical regions

that project to nucleus ambiguous of the hindbrain (Fig. 1.2B). In studies of lesions

in human patients, these motor and premotor area affect speech production, but

with less deficits on comprehension (Ross, 2010). Forebrain vocal pathways have not

been found in vocal non-learning birds and mammals (Fig. 1.2C, D), except non-

human primates a cortical regions that when stimulated causes laryngeal muscles to

contract, but the areas is not needed for vocalizations and it is does not make a direct

5



Figure 1.2: Comparative brain relationships, connectivity, and cell types amongst
vocal learners and non-learners (adapted from Fitch and Jarvis, 2012, unpublished).
(A) Drawing through a zebra finch male brain showing song nuclei and some connec-
tivity of 4 of the 6 song nuclei. (B) Drawing through human brain showing proposed
vocal pathway connectivity. Black arrows, connections and regions of the posterior
vocal motor pathway; white arrows, connections and regions of the anterior vocal
pathway; dashed arrows, connections between the two pathways. (C) Known con-
nectivity of a vocal non-learning bird showing absence of forebrain song nuclei. (D)
Known connectivity of a vocal non-learning primates showing presence of forebrain
regions that have an indirect projection to nucleus ambiguus (Amb), but have no
known role in productive of vocalizations.

projection to laryngeal motor neurons as in humans and song learning birds. Despite

the similarities in the neural circuit for vocal learning across vocal learning birds and

mammals, the proposed relationships between these brain regions among mammals
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and birds has varied greatly. One possibility is that the vocal learning circuit has

evolved to have similar connectivity, but the brain regions involved in various vocal

learning species do not have an analogous function. It is also possible that different

regions have evolved to be a part of the circuit, but those regions take on similar

functions across vocal learning species. Finally, it is possible that vocal learning is an

example of parallel evolution, where the same brain regions evolved to have the same

functionality multiple times. To relate human and songbird brain regions, researchers

have relied on three main techniques: analyzing similarities in neural connectivity,

similarities in the functional consequence of lesion, and similarities in activation

during the production of learned vocalizations (Jarvis, 2004). For the four different

song nuclei that make up the song system, I have been able to find 12 different

hypotheses for how songbird brain regions relate to human brain regions (Table 1.1).

One reason for the large number of hypotheses is the lack of a quantitative method

of comparing brain regions to each other.

1.2 Genetic basis of vocal learning

1.2.1 Genome-wide association studies and FOXP2

Genome wide association studies have been the primary method to screen for genes

associated with speech and language disorders. There are genes when mutated are as-

sociated with stuttering (GNPTAB, GNPTG, and NAG), verbal dyspraxia (FOXP1,

FOXP2), language (CNTNAP2, CMIP, and ATPC2), and dyslexia (DYX1C1, ROBO1,

DCDC2, and KIAA0319) (reviewed in Kang and Drayna, 2011). Of all of these,

FOXP2 has been the most extensively studied. The FOXP subfamily of forkhead

box transcription factors were originally identified as transcription repressors in lung

development (Shu et al., 2001). Later it was discovered that mutations in the FOXP2

were linked to a inherited verbal dyspraxia, a speech production disorder, in the KE

family (Lai et al., 2001). Its function and transcriptional activity in neural devel-
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opment have been extensively studied by variety of genomic techniques. ChIP-chip

experiments to determine the transcriptional targets of FOXP2, revealed targets

that are specialized to language related parts of the human brain (Spiteri et al.,

2007; Vernes et al., 2007). Studying FOXP2 at a genetic level is difficult because

the affected trait, language, is not relevant to standard mouse models. Nonethe-

less, a mouse model with a knock-in human-specific FOXP2 mutation shows subtle

differences in ultrasonic vocalizations.

To understand the function of FOXP2 in vocal learning, researchers have made

use of the songbird as a model organism. The gene shows increased expression in the

striatal region Area X of songbird (Haesler et al., 2004), which has been suggested

to correspond to part of a the human striatum (caudate nucleus, Table 1.1) that

has developmental abnormalities in the KE family caudate nucleus (Watkins et al.,

2002). FOXP2 is also down-regulated by undirected singing (practice) in adult birds,

Table 1.1: Similarities of human and songbird vocal learning neuroanatomy and
circuity found in literature reviews. Hypotheses vary in specificity and strength of
relationship proposed.

Songbird Reg. Human Region Reference
HVC Wernicke’s area (Doupe and Kuhl, 1999)
HVC Broca’s area (Doupe and Kuhl, 1999)
HVC supplementary motor area (Doupe and Kuhl, 1999)
HVC layer 2/3 of motor cortex (Jarvis, 2004)

LMAN prefrontal cortex (Doupe and Kuhl, 1999)
LMAN Broca’s area (within pre-

frontal cortex)
(Jarvis, 2004)

Area X basal ganglia (Doupe and Kuhl, 1999)
Area X internal globus pallidus (Jarvis, 2004)
Area X head of caudate nucleus,

putamen
(Jarvis, 2004)

RA cingulate cortex (Doupe and Kuhl, 1999)
RA motor cortex (Doupe and Kuhl, 1999)
RA layer 5 of motor cortex

(face motor cortex including
laryingial)

(Simonyan and Horwitz, 2011),
(Jarvis, 2004)
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suggesting some role in maintaining song (Teramitsu and White, 2006). In support

of these hypotheses, FOXP2 knock down in Area X of juvenile birds caused an

impairment in song learning (Haesler et al., 2007). The role striatal FOXP2 provides

a link between vocal learning human and songbirds that suggests a deep homology

at the anatomical and genetic level (Scharff and Petri, 2011). As FOXP2 is regulated

during song production, this homology may extend to other genes regulated by neural

activity and behavior.

1.2.2 Activity-dependent gene expression of vocal learning

In addition to FOXP2, a number of other transcription factors were previously found

to be regulated by neural activity during the act of production learned vocaliza-

tions (Jarvis and Nottebohm, 1997; Wada et al., 2006). This suggests that neural

activity-dependent transcriptional networks may be an important molecular compo-

nent of vocal learning behavior. The general mechanism of activity-dependent gene

expression have been well studied in mammalian systems (reviewed in Flavell and

Greenberg, 2008). These transcriptional networks operate in the nucleus, but the

neurotransmitter signal is received at the synapse. To relay the information from

the synapse to nucleus, there are multiple signaling pathways employed (reviewed in

Flavell and Greenberg, 2008). A fast pathway uses Ras, Raf, MEK, and ERK signal-

ing, while a slow pathway uses the calcineurin and CAM kinase signaling molecules

(Wu et al., 2001). The result of these signaling pathways is the activation of various

transcription factors. Both pathways activate CREB (Wu et al., 2001), while SRF

appears to mainly be activated by the ERK pathway in neurons (reviewed in Greer

and Greenberg, 2008). Several other transcription factors are known to be activated

as well, including MEF2, NeuroD, MeCP2, and NFAT, and CARF (reviewed in Greer

and Greenberg, 2008; Flavell and Greenberg, 2008). Although the mechanisms are

unclear, perturbation of both Ras (Kushner et al., 2005) and calciunerin (Malleret
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et al., 2001), allow mice to learn complex tasks with fewer trials. This ability can

actually be detrimental to the animal. For example, the calcineurin mouse is easily

stressed and has trouble forgetting noise and aberrations (Malleret et al., 2001).

Several of these pathways and mechanisms have been described to operate in

the songbird. In particular, many of them have been described in the songbird

auditory system, which is activated as the songbird is hearing and learning song

(Mello and Clayton, 1994). For example, ERK is phosphorylated in the auditory

forebrain cortical areas in response to hearing birdsong as opposed to tones or noise

(Cheng and Clayton, 2004). CAMKII is phosphorylated in Area X in response to

hearing song playback, but the basal ganglia (Singh et al., 2005). At the level of

transcription factors, a CREB has been shown to be phosphorylated in a manner

similar mammals in the song nucleus HVC in response to conspecific song (song of

own species), but not noises or the birdsong of other species (Sakaguchi et al., 1999).

The activation of these signaling molecules and transcription factors leads to

a burst of gene expression, called the genomic action potential (Clayton, 2000).

The first components of activity-dependent gene expression are known as immediate

early genes (IEGs) and include FOS, CJUN, and EGR1 (Sheng and Greenberg,

1990; Morgan and Curran, 1989). During the production of learned vocalization,

many of these IEGs increase in expression. EGR1 was one of the first identified and

has been used map out the regions involved in song hearing (Mello and Clayton,

1994) and song production and is independent of hearing (Jarvis and Nottebohm,

1997). Interestingly, the level of EGR1 induction in the song nuclei is dependent

on both the amount of time a bird sings and the number of bouts produced within

a 30-minute window of time (Jarvis and Nottebohm, 1997). Two other IEGs, FOS

(Kimpo and Doupe, 1997) and ARC (Velho et al., 2005; Wada et al., 2006) show

similar responses. The induction of these cannonical IEGs in birds and mammals

supports the hypothesis that there are strong similarities between species in their

10



signaling events and transcriptional activation. However, it is still unclear what

the role activity-dependent signaling and transcription are in the context of vocal

learning.

Some insights into the mechanisms of vocal learning may come from understand-

ing the function of activity-regulated gene expression in mammals. Several of the

signaling molecules and transcription factors involved have been shown to play a

role in neural plasticity and survival (Lyons and West, 2011). The IEG transcription

factors are thought to accomplish this by activating a later phase of gene expression

involved in changes neural connections (Morgan and Curran, 1989). Characteri-

zation of this later second component of activity-dependent gene expression is an

active area of research that fits into a larger framework of genome-wide approaches

to studying activity-regulated gene expression (Pfenning et al., 2007; James et al.,

2005; Levenson et al., 2004). These cascades of gene expression have been shown

to function as part of the memory consolidation process through manipulation ex-

periments in mice of FOS and EGR1 (Guzowski, 2002). Gene expression during

memory formation in the hippocampus has been profiled using microarrays on laser

capture microdissection of individual neurons or sub-regions (Haberman et al., 2008;

Levenson et al., 2004; Cavallaro et al., 2002; Robles et al., 2003). Many of the genes

found to be differentially expressed in the hippocampus during memory formation

had been previously identified as having a role in neural plasticity (Haberman et al.,

2008). Several activity-regulated genes have also been implicated in autism (Morrow

et al., 2008). However, the role of activity-regulated gene expression in the motor

system is still unclear.

1.3 Overview of results

As outlined above, the behavior of vocal learning can be understood at multiple

levels: the behavior itself, the neural circuit to produce that behavior, the gene
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expression program that defines the brain regions within the circuit, and finally

the gene expression programs that are activated during the production of learned

vocalization. To understand the molecular basis of vocal learning, I took a systems

biology approach by linking these different levels of understanding using genome-wide

and cross-species analyses. A major roadblock to making progress in understanding

the molecular mechanisms of vocal learning has been the lack of current genomic tools

to understand genetics and gene expression of avian vocal learning species. To partly

address this concern, in the first chapter (chapter 2), I described the development of

a zebra finch Agilent microarray along with the associated analysis pipeline to study

gene expression and copy number variation across multiple avian species. These

tools and techniques are used in subsequent chapters and in several instances by

other research groups to addressed specific questions on the evolution and molecular

properties of vocal communication brain circuits.

In chapter 3, we used these and other algorithmic tools I developed to find brain

regions that are molecularly analogous across birds and mammals, including humans.

A major challenge in the field of vocal learning is understanding the relationship be-

tween vocal learning in birds and mammals. Birds have been the dominant model

organism, but some of the more interesting scientific issues, including the evolution of

speech and treatment of speech disorders have been human-centered. In this chapter

I will show that we have made progress in understanding the similarities and differ-

ences between the brains of vocal learning birds and human. These results provide

strong evidence that convergent evolution has occurred at the level of gene expres-

sion regulation in vocal learning circuits of song learning birds and humans. We also

show in this chapter, that some singing activity-regulated genes are also specialized

in the song circuit of songbirds, and these could be related to the development or

maintenance of the neural circuit. These experiments provide a hypothesis of what

could be found in the human brain, when such experiments are ethically possible in
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the future.

In chapter 4, we profile the singing activity-regulated genes more thoroughly, in a

time course experiment and in all four major song nuclei in songbirds. We discovered

that these four song nuclei shows a surprising amount of diversity in their singing-

driven gene expression. These differences are linked back to differences at baseline,

before the bird began to sing. Overall, the data presented in chapter 4 allowed us

to challenge assumptions about the unity of activity-dependent gene expression in

single neurons

In chapter 5, the transcription mechanisms of the observed singing regulated gene

expression is examined. A transcription factor binding site scan is able to recapitulate

known roles for early activated transcription factors and immediate early genes. The

temporal singing-regulated gene expression patterns are used as a tool to study one

transcription factor in particular, CARF. We found that the CARF transcription

factor binding site is over-represented in immediate early genes, and compare with

an additional microarray experiment we ran in mouse to verify the results of the scan

and understand how it affects activity dependent gene expression in vitro. Putting

these results together, we were able to come up with multiple pieces of evidence that

CARF has a homeostatic function.

In chapter 6 we related the observed temporal patterns of gene expression to be-

havioral aspects, including amount of singing and song variability. More specifically,

differences in temporal transcriptional patterns in a particular part of the vocal pro-

duction circuit were linked to function of that part of the circuit. This framework

also allowed us to examine the tight relationship between gene expression dynamics

and behavioral dynamics at an unprecedented scale.

The research presented in the thesis is the result of collaboration and thoughtful

discussion with members of the Jarvis lab, the Hartemink lab, the West lab, other

committee members, and friends and colleagues in the CBB and neurobiology grad-
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uate program. Various roles and responsibilities are outlined in the introduction of

each chapter. Some of this research has already been published, in two papers partic-

ularly (Pfenning et al., 2010; Warren et al., 2010), and another has been submitted

where I am co-first author (Whitney et al., 2012). Two others are in preparation

(Pfenning et al., 2012a,b). Overall, my contribution to these projects has been

use computational techniques to bring multiple sources of data together to draw

conclusions about the transcriptional networks associated with the development of

production of learned vocalizations.
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2

Developing genomic tools for the songbird

2.1 Introduction

Over the past decade, genomic technology has transformed the study of avian neu-

robiology. The earliest studies of molecular mechanisms in the songbird were limited

to individual genes. In the song nuclei, there was a focus on characterizing IEG

expression that had been previously characterized in mammalian systems, includ-

ing FOS, CJUN, the cytoskelatal protein ARC, and EGR1 (Jarvis and Nottebohm,

1997; Kimpo and Doupe, 1997; Velho et al., 2005). A review of these studies likened

behavior-driven gene expression to an action potential, a brief pulse of changing

genes through synaptic interactions (Clayton, 2000). Many of the IEGs, including

FOS, JUN, and EGR1, are transcription factors themselves and therefore are likely to

have regulatory targets themselves that are slower in response (Morgan and Curran,

1989). To understand the role of the IEG transcription in vocal behavior, it would

be necessary to uncover the targets of these transcription factors, thereby moving

from a single gene focussed approach to a genome wide approach.

The first genomic tools developed for songbird were the result of a large collab-
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orative efforts to characterize songbird genes using expressed sequence tags (ESTs)

(Wada et al., 2006; Li et al., 2007; Replogle et al., 2008). These sequences represent

a part of the genes that are transcribed or expressed in a system. Having sequence

information available for the songbird allowed for the development of microarrays to

measure the expression levels of many genes under a particular condition. One of the

first arrays generated was based on cDNA technology and measured about 14,000

transcripts that represent almost 5000 genes (Wada et al., 2006). A later cDNA

array was constructed from additional transcripts that measured about 22,000 tran-

scripts correspond to 11,500-15,000 genes (Replogle et al., 2008). Using those same

sequences, an Affymetrix type array was also designed (Naurin et al., 2008; Replogle

et al., 2008). Using the first zebra finch cDNA microarrays, the Jarvis lab identified

and characterized expression of 33 transcripts in the song system after 1 hr of song

production (Wada et al., 2006). All of these genes were subsequently measured across

3 hrs of time using in situ hybridizations, showing distinct profiles of gene expression

beginning with the transcription factors EGR1 and FOS (Wada et al., 2006). The

later cDNA technology has been used in a number of cases to profile gene expres-

sion induced in the auditory system after hearing song (Dong et al., 2009). The

Affymetrix array has been used to profile sex-specific gene expression in songbird

brains (Naurin et al., 2011).

In parallel with gene expression technology, sequencing technology has allowed to

researchers to develop a genome-based avian phylogeny (Hackett et al., 2008). Next

generation sequencing technology has also begun to be used to study avian evolu-

tion by studying the transcriptomes (Künstner et al., 2010) and mitochondrial DNA

across multiple avian species (Nabholz et al., 2010, 2011). Using Sanger sequencing,

the zebra finch genome effort that I have participated in has allowed for the analysis

non-coding, regulatory regions and broader view of how the zebra finch evolved (War-

ren et al., 2010). More recently, next generation sequencing has been used sequence
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the turkey genome (Dalloul et al., 2010) and a preliminary version of parrot genome

(Jarvis lab, unpublished). Currently underway is an effort to sequence the genomes

of 10,000 vertebrates, including multiple songbird and avian species (Haussler et al.,

2009) of which my lab is involved.

The rapid development of genomic technology has allowed researchers to begin

to tackle broad questions about the basic biology of avian species. However, un-

derstanding transcriptional networks involved in the evolution, development, and

production of vocal learning requires a higher level of quality of quantification in

gene expression levels and the ability of measure gene expression across multiple

species. Building on the technologies above, in this Chapter, I will describe new

more inclusive zebra finch Agilent oligo microarray that I helped design and anno-

tate. I will further describe, the computational pipeline for processing data coming

from this array. Using available avian genomes, this pipeline was extended to exam-

ine gene expression in avian species other than the zebra finch. Variations on the

hybridization protocol and analysis methods have also been successful in measuring

gene copy number across songbirds and parrot species. These preliminary results

provide candidates for gene duplications the contribute to differences in the songbird

and parrot song system.

Acknowledgements: This research was done as a collaborative effort in the Jarvis

lab. The transcript database was managed by Pankaj Agarwal and Jason T. Howard.

Jason Howard used eArray to design the microarray. I validated the array accuracy

and performed the annotations. James Ward assisted with the annotation, per-

forming the PASA clustering. I brought the different pieces of information together

to determine the final annotations. I designed and conducted all of array analysis

pipeline. The whole genome data and copy number variation data was collected by

Jason Howard. I performed the analysis of the data to obtain usable oligonucleotides

across species, and found the candidate differences in copy number.
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2.2 Design and annotation of zebra finch microarray

We designed the Agilent microarrays using transcript sequences from our hierarchi-

cally organized brain transcriptome database (www.songbirdtranscriptome.net). For

my thesis we used our v.2.1 design (1/23/2009), based on our database containing

sequences of 91,586 transcripts isolated from the zebra finch brain from three sources

(Wada et al., 2006; Li et al., 2007; Replogle et al., 2008). We also included on the mi-

croarrays several hundred additional transcripts in the NCBI database from various

avian species. The cDNAs were from regular, normalized, and subtracted libraries

enriched for transcripts from diverse developmental, pathological, and behavioral

states. The zebra finch genome sequence (Warren et al., 2010) was not yet com-

pleted when the array was designed. The 91,586 transcripts were sub-clustered into

43,386 relatively unique transcripts, including splice variants. From these clusters,

we selected individual transcripts to design oligonucleotides, based on the quality (re-

quired average phred sequence score ą 15) and read length (ą 550 bp). Clones with

just 3 sequence reads were chosen over clones with just 5’ reads, since the 3’ end is

often preferentially detected from tissue RNA samples in microarray hybridizations.

Some sequences were duplicated as technical replicates to verify microarray quality.

The resultant subtotal was 43,838 transcripts. We then filtered out transcripts con-

taining short reads (ă 150bp), and put an upper limit of 5 unique transcript variants

per gene. This reduced the number of transcripts to 42,304. An additional 1,133

control oligonucleotides or sites were added consisting of multiple concentrations of

the 10 Agilent spike in controls described below, GFP, YFP, and dark and bright

corner spots placed at strategic locations on the microarray to detect and normalize

occasional hybridization artifacts. This resulted in a total of 44,969 oligonucleotide

sequences. To these sequences, oligonucleotides (60-mers) were then designed using

Agilent’s eArray v.5.4 oligonucleotide selection algorithm.
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Oligonucleotides on the microarrays were annotated using both the sequence of

the microarray oligonucleotide and the entire transcript sequence from which it was

designed, from four sources of evidence: 1) manually curated annotations of „21,000

transcripts cloned at Duke University (by Wada et al., 2006); 2) PASA software

(Haas et al., 2008) to map entire transcripts to the zebra finch genome and test for

their overlap into annotated ENSEMBL gene models or for their incorporation into

transcript models from other species (Flicek et al., 2011); 3) mapping of the 60mer

oligonucleotide sequences to the zebra finch genome using NCBI blast and checking

for overlap with annotated ENSEMBL genes using BEDtools (Quinlan and Hall,

2010); and 4) mapping cDNA transcript sequences from which the oligonucleotides

were designed to the human collection of mRNAs in NCBI using BLASTN and

the human collection of proteins using BLASTX (Pruitt et al., 2007; Benson et al.,

2009). BioMart tools were used find the human finch orthologous genes and map

this human information back to zebra finch. A simple evidence-based approach was

used to annotate the oligonucleotide based on consensus of this information.

After these four procedures, a large portion of the transcriptome still remained

unannotated („40%). Many of these unannotated transcripts had only the 3 UTR se-

quenced (Wada et al., 2006), which are known to have poor homology across species,

and thus more difficult to annotate than the coding sequence. Therefore, we further

examined transcripts mapping close to ENSEMBL gene models many of which do

not have the 3 UTR annotated. Consistent with this notion, we found that if a cDNA

transcript sequence appeared within 3 kb downstream or a 60 base oligonucleotide

sequence appeared within 5 kb downstream of an ENSEMBL gene model, there was

a ą 70% chance that the consensus annotation, based on other sources, confirmed

the mapping of that transcript or oligonucleotide to the upstream ENSEMBL gene.

There was a similar relationship between ENSEMBL genes and oligonucleotides that

mapped to nearby introns within the gene, but not to transcripts that mapped 5
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upstream of ENSEMBL annotated transcription starts. Therefore, we used this 3

and intron proximity to further annotate the transcripts and corresponding oligonu-

cleotides on the array. When then applied a simple majority rule, which was use the

annotation with the most pieces of evidence supporting it was chosen as the final

annotation. We manually verified „100 annotations for each iteration of the above

process to determine that they were accurate.

After re-annotations of the genes, a subset (33,049) of the 43,552 avian oligonu-

cleotides matched 10,092 of the 18,581 predicted gene models by ENSEMBL (v.54).

The redundancy within the 33,049 transcripts was due to either different oligonu-

cleotides generated against the same transcript, or non-optimal EST clustering, or

to different oligonucleotides generated for mRNA variants of the same gene. The

remaining 10,503 transcripts on the microarray did not map to ENSEMBL predicted

genes. Of these, 44% were found to be potential non-coding RNAs based on an

analysis of the ESTIMA zebra finch database (Warren et al., 2010). The annotation

information for each oligonucleotide can be found in Supplemental Table S2.1.

2.3 Pipeline to analyze Agilent array data gene expression data

Initially, we used three approaches to assess the quality of each microarray hybridiza-

tion: 1) by analyzing the signal distribution with the Bioconductor array quality

metrics package (Kauffmann et al., 2009); testing for outlier microarrays using a

principal component analysis (PCA) (Stacklies et al., 2007); and 3) using the Agi-

lent array spike in controls. For the spike in controls, a predefined amount of cDNA

material that matched to synthetic (not found in nature) oligonucleotides on the

array was added into each sample. The quality of the array was then determined by

how strong the correlation was between the microarray predicted value and the real

value of the spike in controls. The spike-in control method correlated well of deter-

mining quality overlapped strongly with the PCA and array quality metrics package,

20



but since, all the microarrays did not have the spike in controls, the Bioconductor

metrics and PCA were used for all experiments. Arrays were removed or repeated

when the quality control metrics revealed a poor single, usually do to poor quality

RNA sample preparation or poor quality array hybridization.

The median intensity of each microarray spot was normalized with variance stabi-

lization (Huber and Heydebreck, 2002). We then filtered out oligonucleotide signals

that were not significantly 2.5 standard deviations above the average of the negative

spike-in control levels in at least 12 (5%) of the microarrays across song nuclei and

birds. This filtering helped reduce the number of variables (transcripts) to com-

pare and ensured we analyzed transcripts that were expressed in multiple animals

of a group. To determine if different oligonucleotides measure expression of different

splice variants of the same gene, we applied a clustering algorithm to each group

of oligonucleotides that mapped to the same symbol or for unannotated transcripts

to the same location in the zebra finch genome. If the correlation of two oligonu-

cleotide measurements across all experiments was ą 0.525 (ą 2SDs from the mean of

all oligonucleotide correlations on the microarray, estimated p ă 0.02), the oligonu-

cleotide measurements were merged into one subgroup based on the median.

2.4 Using microarray data across species

Because the microarray was designed and validated against the zebra finch tran-

scriptome, we have confidence in the efficiency of olignucleotides to detect transcript

levels in zebra finch. To determine which oligonucleotides on the Agilent zebra finch

microarray work with high confidence across avian species, we performed control hy-

bridization and analyses tests across species. The first set of tests used whole brain

samples, which is likely to have a large proportion of the genes expressed and a lack

of amplification error due to not requiring cDNA amplification before hybridization.

The second set of tests used are a hybridization of the array with genomic DNA as op-
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posed to expressed transcripts. This approach overcomes one of the major challenges

of developing a benchmark for using microarrays across species: does an oligo show

differential expression because of an actual change in expression level or because of

a mutation in the transcript sequence the decreases the binding efficiency. The third

type of test is using DNA sequence identity between zebra finch and other species.

Using genomic DNA, there are consistently two copies of every gene, except in the

minority of cases where there is copy number variation, which eliminate a large por-

tion of the ambiguity. The species chosen for the study included two vocal learners,

parrot (budgerigar) and Anna’s hummingbird, and two vocal non-learners, ringdove

and quail. The unpublished genomes for these species are currently available to us

as part of the genome 10k consortium and Beijing Genome Institute collaboration,

being supervised and conducted in part by the Jarvis lab. By understanding how mis-

matches between the oligonucleotide sequences and the genome affect hybridization

intensity, we defined minimum requirements for an oligonucleotides genome mapping

for it to reliably measure gene expression across species.

First BLAT (http://www.kentinformatics.com/) was used with lenient criteria

to map the oligonucleotides on the Agilent array to the zebra finch (Warren et al.,

2010), budgerigar, dove, and chicken (Hillier, 2004) genomes; the chicken was used

as a proxy for the quail, which is not yet available. The following parameters were

used: -t=dna -q=dna -dots=1000 -minIdentity=70 -minScore=20. When building

the model that determines how a mismatch affects array hybridization intensity, we

used oligonucleotides that have one map only once at 100% identity to the zebra

finch genome to avoid potential artifacts in probes that match repeated sequence

or are not well designed. We also eliminate the subset of oligonucleotides map to

partially assembled portions of chromosomes, in what is called chromosome unknown

and chromosome random in the finch genome (Warren et al., 2010). This resulted

in 16251 oligonucleotides remaining for the intensity analyses. We compared their
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hybridization intensities to budgerigar genomic DNA and brain cDNA into various

categories to examine the effect of copy number in the budgerigar genome (Fig. 2.1A,

B), number of mismatches to the budgerigar genome (Fig. 2.1C, D), and amount of

mismatches at the ends of the 60 nucleotides to the budgerigar genome (Fig. 2.1E,

F). These results show that the density of finch probes that gave stronger single

intensity with budgerigar samples were higher for probes that match the budgerigar

genome, and higher for those that had higher 2 copies and fewer mismatches to the

budgerigar genome. Genes with greater than 2 copies in budgerigars, actually showed

a distribution of less intensity, and we think they could be due to biases of detecting

repeat regions that are expressed less. Based on these results, we chose a threshold

for including an oligonulceotide based on the features of how it maps to any other

genome of interest, to be no more than 5 mismatches within the sequence and/or no

more than 25 missing base pairs at the ends of the mapped 60 nucleotide oligo zebra

finch sequence.

We next determined how many oligonucleotides fit this criterion among the entire

44K oligo set, including against the zebra finch genome. First, using this criterion

on just three species (zebra finch, budgerigar, and chicken), we found that 3942 of

the finch oligonucleotides did not even match any assembled or partially assembled

regions of all three genomes (Fig. 2.2A). A similar result was obtained with the other

species (not shown, due to difficulty showing results in a 5-way Venn Diagram). There

was a significant drop in the number of zebra finch probes that mapped well to other

genomes (Fig. 2.2A). We noticed a large tendency for an oligonucleotide to map well

to one non-zebra finch genome if it also mapped well to another non-zebra finch

genome (Fig. 2.2A). Based on this observation, we allowed an olionucleotide to be

used across species if it was found to map to the genomes of at least two species,

including zebra finch. This led to total of 16088 oligonucleotides (41%) that mapped

across species out of the 39048 oligonucleotides that map well to the zebra finch
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Figure 2.1: Microarray hybridization efficiency of genomic DNA and cDNA based
on map to the budgerigar genome. The left graphs (A,C,E) show the density of log
normalized intensities of genomic DNA from budgerigar hybridized to the zebra finch
oligo array. The right graphs (B,D,F) show similar experiments with cDNA isolated
from budgerigar whole brain. This first row (A,B) separates out oligonucleotides
based on how many times they map to the budgerigar genome. The second row
(C,D) separates out oligonucleotides based on how many mismatches. The third row
(E,F) separates out oligonucleotides based on how much unmapped sequence these
is from the ends.
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Figure 2.2: Genome mapping based filter improves cross-species concordance. (A)
Venn diagram showing the number of 60nt array oligonucleotides that mapped to
the zebra finch genome (zf), budgerigar genome (bg), and the chicken (gg) genome
sequences according a criteria of a minimum of 5 mismatches and/or 25 end unaligned
sequences, under our hybridization conditions. The most oligonucleotides map to
finch, but a sizable and overlapping set map to budgerigar and chicken as well.
Some of the zebra finch designed oligonucleotides based on zebra finch transcripts
actually mapped better to the budgerigar and chicken the the current zebra finch
genome assembly. (B) Density of intensities for all oligonucleotides that mapped to
the zebra finch genome in all species; ZF - zebra finch, BG - budgerigar, AH - Anna’s
hummingbird, RD - ring dove, QL - quail. (C) The same as (B) but with only the
oligonucleotides that reach our mapping criteria in at least two species.

genome. A list of the probes that map well across species are found in Table S2.2.

To test how well this criteria works to determine working oligonucleotides, we

examined how these probes behaved in a whole brain microarray conducted across

species. As expected, the discrepancy between the distribution of all oligo inten-

sities observed in a whole brain microarray between zebra finch and other species

(Fig. 2.2B) is minimized by taking on the oligonucleotides that meet our criteria

(Fig. 2.2C).

2.5 Copy number variation between zebra finch and budgerigar

Before conducting gene expression analyses comparisons across species, we deter-

mined if our approach was sensitive to detecting copy number variation (CNV) among
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unfiltered
filtered

Figure 2.3: Copy number variation between zebra finch and budgerigar. (A)
The density of the log fold change in intensity between zebra finch budgerigar of all
oligonulceotides on the array (unfiltered, red) is compared to the subset of oligonu-
cleotides (black, filtered). Using the subset of high quality oligonucleotides signifi-
cantly reduces bias. (B-D) Examples of genes with a predicted copy number variation
between zebra finch and budgerigar. There are two probes that show a similar dif-
ference for JUN (C). The exact oligonucleotide ID is shown above the chart.
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species. Tiling microarrays have been used primarily to detect CNV to study hu-

man disease, particularly cancer (Carter, 2007). However, arrays can also be used to

detect copy number variation across species (Machado and Renn, 2010). Although

this method is not as exact as a direct method of counting the number of genes from

genome sequence, in practice it may be more accurate because duplications are often

surrounded by repeat regions (Bailey et al., 2003) that may be difficult to assemble

accurately, especially when the genome has been sequenced with shorter reads from

next-generation sequencing. As a pilot study, we assessed copy number differences

between two vocal learning species, zebra finch and budgerigar, using the genomic

DNA hybridizations described above. To avoid artifacts based on whether or not

a probe maps equally well to both genomes, we limited the analysis to the set of

oligonucleotides that map to both the zebra finch budgerigar genome at least once

using our cut criteria of 5 mismatches and 25 at the ends. We had two replicates per

species. We built a linear model (Smyth, 2004) and performed a contrast comparing

zebra finch intensity and budgerigar intensity using standard microarray statistics.

We did not use the standard Markov model approaches for detecting CNV, such as

(Wang et al., 2007), which assume a high, continuous density of probes across the

genome, and this is not satisfied with our 44k Agilent array.

We find that before filtering the oligonucleotides based on our criterion, there

was a bias of high apparent CNV in the finch genome relative to the budgerigar (log

of the difference in intensity; Fig. 2.3A). This bias was removed after filtering the

oligonucleotides according to our criterion. At an adjusted p-value of ă 0.01, we

identified 607 zebra finch and 163 budgerigar oligonucleotides higher CNV relative

to each other. Condensing these oligonucleotides into genes from all 607 finch and

163 budgerigar candidates yielded a total of 591 zebra finch genes and 143 budgeri-

gar genes. Notably, MEF2A, a transcription factor involved in development and

activity-dependent gene expression and development specific to human (Liu et al.,
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Table 2.1: Gene ontology categories of potential genes with a copy number variation
between zebra finch and budgerigar. Only genes in the neural categories are listed.

Species Category p-value
ZF NERVOUS SYSTEM

DEVELOPMENT
0.01 DLX6, MEF2A, MSI1,

NELL1, FZD9, TNIK,
HEY2

ZF PROTEIN BINDING 0.01 NA
ZF NUCLEUS 0.01 NA
BG CYTOPLASM 0.01 NA
BG PROTEIN BINDING 0.01 NA
BG NUCLEOTIDE BINDING 0.01 NA
BG CYTOSOL 0.02 NA
BG SYNAPSE 0.02 DLG2, CADPS, MPDZ,

ABI1, SHANK2, DMXL2,
ENAH, CBLN4

BG CELL JUNCTION 0.03 DLG2, CADPS, MPDZ,
ABI1, SHANK2, DMXL2,
ENAH, SLC13A3,
ARHGAP24, CBLN4

2012) showed a strong copy number preference for zebra finch (Fig. 2.3B). The IEG

transcription factor JUN was found to have a higher copy number in budgerigar

versus finch (Fig. 2.3C). Using an extensive analysis for identifying over-represented

pathways in a set of genes (Antonov, 2011), we identified genes involved in nervous

development to be over-represented in zebra finch, and synapse function and neural

connectivity to be over-represented in budgerigars (Table 2.1; ANK3 example shown

in Fig. 2.3D). The over-representation of synapse and connectivity genes suggest that

some of these genes may mediate differences in the vocal learning circuit between ze-

bra finch and budgerigar. Future experiments are planned for assessing copy number

differences across multiple lineages of vocal learners and non-learners, among birds

and mammals.

28



2.6 Data collection

Whole brain RNA was isolated from Anna’s Hummingbird (Calypte anna), budgeri-

gar (Melopsittacus undulatus), dove (Streptopelia risoria), Eastern Phoebe (Sayornis

phoebe), quail (Coturnix japonica), Ruby Throated Hummingbird (Archilochus col-

ubris), Sparrow (Zonotrichia capensis), and Zebra finch (Taeniopygia guttata) using

the SV total isolation system (Promega cat # Z3100). RNA was checked by the

Agilent 2100 Bioanalyzer for integrity. Cy3-labelled cRNA was made using the One-

Color Agilent Quick Amp Labeling Kit (cat # 5190-0442). The Agilent One Color

RNA Spike-In Kit (cat # 5188-5282) was used for making spike in controls to mon-

itor the linearity, sensitivity and accuracy of the hybridization. Hybridization was

done using the songbird v2.1 array (AMADID 022706). Hybridization was done on

the Maui Hybridization System. After hybridization, slides were scanned using the

Axon Genepix Scanner 4000B.

Genomic DNA was isolated from 3 budgerigars (Melopsittacus undulatus), 1 dove

(Streptopelia risoria), and 3 zebra finches (Taeniopygia guttata), and 1 Bengalese

finch (Lonchura striata domestica). Genomic DNA was isolated from the blood

using the Qiagen genomic DNA set (cat # 10262) and genomic tip 500 (cat #

10262). Genomic DNA was labeled using the Agilent Genomic DNA labeling kit

(cat # 5190-0449). Hybridization was done using the songbird v2.1 array (AMADID

022706). Hybridization was done in the Agilent Hybridization. After hybridization,

slides were scanned using the Axon Genepix Scanner 4000B.
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3

Gene expression approach to the evolution of vocal
learning

3.1 Introduction

A comparison of vocal learning behavior and the associated neural circuits across

species has provided a foundation to understand its evolution (Fig. 1.1 and Fig. 1.2;

Doupe and Kuhl, 1999; Jarvis, 2004). The avian song nuclei and human speech brain

regions appear to have evolved within and adjacent to surrounding brain regions

involved in the control of other motor behaviors (Allott, 1994; Lieberman, 2002;

Feenders et al., 2008). Such findings led to the motor theory of vocal learning or

language origins that states that our capacity for language evolved out of an existing

neural circuit for other learned motor behaviors (Allott, 1994; Lieberman, 2002;

Feenders et al., 2008). However, those song and speech regions do have differences

in connectivity and specific function from the adjacent motor regions (Jarvis, 2004).

At the level of individual genes, there are several examples of genes whose expression

patterns distinguish regions in involved in the production of learned vocalizations

from the surrounding or nearby areas. The genes that carry out the function that
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presumably makes up a molecular signature. In chapter 2, I developed tools to profile

gene expression signatures accurately across species. In this chapter, I will describe

experiments that apply those tools on specific avian and mammalian brain regions

and cell types.

One of the earliest neural profiling studies used Affymetrix microarrays to exam-

ine differences in tissue gene expression across different strains of mice (Sandberg

et al., 2000). In one of the most ambitious projects in neurobiology to date, the

Allen Brain Institute has measured mouse brain gene expression genome wide using

in situ hybridization, which provides detailed resolution in localization of expression

(Lein et al., 2007). Measuring gene expression in human brains has limitations due

to sample size and the delay between death a subject and collecting tissue (Preuss

et al., 2004). Nonetheless, molecular profiling of human brains has also been grow-

ing. Johnson et al. (2009) used microarrays to measure gene expression at the exon

level in human brain regions across development. The most recent molecular profiles

of human brain regions by the Allen Brain Atlas (http://human.brain-map.org/)

use a combination of Agilent microarrays and next generation sequencing. As these

genomic technologies have developed, researchers have applied them to the study

of molecular profiles of brain regions associated with speech and language. Using

Affymetrix arrays, Oldham et al. (2006) compared transcriptional networks in the

brains of human and chimpanzee to study, in part, how expression differential pat-

terns in humans may have evolved in Broca’s area, which controls production of

language. Although it has not reached the level of individual genes, Amunts et al.

(2010) has examined the distribution of neurotransmitter receptors in language areas

of the brain. The hypothesis being tested is that the brain regions involved in speech

production have specialized from other surrounding brain regions that perform more

general functions.

There is evidence in both bird and mammal that the brain regions for production
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of learned vocalizations have evolved, or specialized, from the surrounding area. The

most direct evidence come in the songbird, where the areas surrounding the song

nuclei are activated in response to hopping behavior. This suggests that the neural

circuit for song production has specialized from an existing circuit for other, more

general, motor behavior, such as hopping and wing flapping (Feenders et al., 2008).

There is a similar hypothesis for the evolution of language in human called the “motor

theory of language origin” that states that our capacity for language evolved out of

an existing neural circuit for other learned motor behaviors (Lieberman, 2002; Allott,

1994). If this is the case, then a comparison of brain region specializations, or the

vocal learning region vs. the surrounding region, could provide information about

the gene regulatory changes that have allowed for the development of these regions

and thus vocal learning.

Such specializations, however, were first discovered in song learning birds. In the

first extensive study, Wada et al. (2004) discovered that over 70% of the 24 glutamate

neurotransmitter receptors had specializations in one or more song nuclei of zebra

finches; they also examined some of these genes in a parrot and hummingbird and

found specializations as well that differ in expression relative to the surrounding brain

regions. Other genes besides neurotransmitter differ. For example, the androgen

receptor, AR, has been shown to have highly specialized expression in the HVC

and RA analogs relative the surrounding brain regions of zebra finch and budgerigar

(Matsunaga and Okanoya, 2008; Gahr, 2000; Gahr and Metzdorf, 1999). The calcium

ion binding protein parvalbumin has recently been shown to have similar song nuclei

increased expression in all three lineages of vocal learning birds (Hara et al., 2012).

FOXP1, in the same transcription factor family as FOXP2, also has specialized

expression in the HVC analog of all three avian vocal learning species (Haesler et al.,

2004; Feenders et al., 2008). PLXNA4 and NPN1 are enriched in the HVC and RA

analogs of songbird and budgerigar; hummingbirds werent tested (Matsunaga et al.,
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2008). Beyond individual genes, Li et al. (2007) and Lovell et al. (2008) profiled gene

expression in HVC and the adjacent region using microarrays to discover up to several

hundred genes that differ in HVC. These include multiple calcium binding proteins

and neurotransmitter receptors. This approach was not applied to multiple song

nuclei or multiple avian species. In this chapter, I present results in multiple song

nuclei and species, including human. We find convergent specializations across avian

vocal learning lineages and humans, which always us to draw functional convergent

molecular parallels across species separated by more than 300 million years from a

common ancestor.

Acknowledgements: The results in this section are a collaborative effort by multi-

ple members of the Jarvis lab. Osceola Whitney collected data from the song nuclei.

Erina Hara and Miriam Rivas collected microarray data from RA and the surround-

ing arcopallium across zebra finch, budgerigar, Anna’s hummingbird, ring dove, and

quail. For zebra finch, Thomas Reardon and Erina Hara collected microarray data

from RA and the surrounding arcopallium as birds were hopping. Discussions with

Ganesh Ganapathy were helpful in building the specialization tree and analyzing

the data. The analysis and synthesis of this data to draw conclusions about vocal

learning was my contribution.

3.2 Algorithm to determine brain region specializations

My initial analyses to compare expression specializations across species used distance

metrics (Glazko and Mushegian, 2010), and this did not reveal specific relationships

between human and avian regions (data not shown). This failure was likely due to a

large evolutionary distance between birds and mammals. Proportional to evolution-

ary distances between two species, neutral mutations in promoters could lead to the

divergence of brain expression patterns. Similarly, changes in the gene expression

patterns that accumulate over developmental time could be different (Khaitovich
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et al., 2004). The divergence in expression across species has been observed to be

its lowest early in development, but increases as the organism matures in what is

known as the hourglass model (Kalinka et al., 2010). A possible mechanism for this

divergence is that at each stage of development, different mutations at the sequence

level, lead changes in the gene expression pattern. After many stages of development,

many changes in gene expression have accumulated. Consistent with this hypothesis

is the observation that higher brain regions, perhaps having specialized more, are

more divergent across species (Khaitovich et al., 2004). In an attempt to overcome

this developmental convolution of gene expression across species, we use a model than

compares specializations, as opposed to direct expression profiles. By comparing the

specialization of one brain region into a subregion, we control for mutations that

have occurred up until the region of interest itself. To compare specialization, we

create a series of specialization trees that represent how brain regions have developed

and are hierarchically organized.

These specialization trees are made up of two components: the structure that

the tree takes and the data that is fit into the tree structure. First, we created an

avian specialization tree structure based on the recently revised avian neuroanatomy

(Jarvis et al., 2005). The forebrain nuclei were separated from the brainstem nuclei,

the striatal nucleus AreaX was separated from the pallial nuclei; within the pallium,

the nidopallial nuclei HVC and LMAN were separated from RA of the Arcopallium

(AC) (Fig. 1.2A; Fig. 3.1). The specialization tree structure for the human brain

samples was already determined by the Allen Brain Atlas in their hierarchical or-

ganization of the brain (Fig. 3.1; http://human.brain-map.org/). In the resulting

specialization trees, a node represents a brain region while an edge represents the

specialization of one brain region into another region at a lower level, for instance

the specialization of the pallium into the nidopallium and arcopallium in the zebra

finch.
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Figure 3.1: The avian specialization tree. This tree represents the hierarchy of the
avian brain. Each node in the tree is a brain region while each edge is a specialization
of one brain region to a subregion. Abbreviations used: Br - Brain, BS - Brain stem,
XII - 12th motor nucleus, SSP - nucleus supraspinalis, FB - Forebrain, AX - Area X,
Pa - Pallium, AP - Arcopallium, NP - Nidopallium, AC - Arcopallium surrounding
RA.

The data for these trees comes from a wide range of sources. In a first exper-

iment, gene expression was measured in the song nuclei of silent birds and during

song production (see Methods). In second experiment, gene expression within and

surrounding RA was measured (see Methods). In a third experiment, gene expression

was data collected from the surrounding arcopallium during hopping (see Methods).

All of these experiments used the microarray and normalization procedure developed

in chapter 2. Agilent microarray gene expression data for the every human brain sub-

region was obtained from the Allen Brain Atlas (946 brain region samples for a male

brain; 896 from a female; 1842 samples total, across 257 regions and subregions in

the tree) (http://human.brain-map.org/). To generate the nodes specialization trees

(for all species), we first estimated the mean and variance of every sub-region at the

lowest level of the specialization tree. To estimate the values of the internal nodes

of the tree, the median of all children (or every subregion) is used. By using the

35

http://human.brain-map.org/


Figure 3.2: The human specialization tree. This tree represents the hierar-
chy of the human brain obtained from the Allen Brain Atlas (http://human.brain-
map.org/). Each node in the tree is a brain region while each edge is a specialization
of one brain region to a subregion. Region abbreviations are in Supplemental Table
S3.1.
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Figure 3.3: A summary of how the specialization trees are created and compared.
A vector of gene log fold change values representing an avian specialization (yellow
bar) is compared to a subset of human specializations (red bars) using a linear model.
That linear model is used to determine significant relationships between avian and
human specializations. After a significant specialization has been identified, another
model is used to determine candidate genes that have specialized in both species.

median, rather than the mean for internal nodes, we lower the probability that an

outlier node that is likely specialized will disproportionately alter the value of its

parent. Multiple methods were used to estimate the edges of the specialization tree.

The most basic method used was treating each node as a vector of gene expression

and an edge between two nodes as a difference of the vectors of gene expression, or

log fold change. An alternative method (results not discussed, but similar) used the

variance estimated at each node to generate an edge based on the significance of the

difference between the two vectors, as opposed to only the log fold change.
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Once vectors for each edge is the specialization tree have been constructed, the

challenge is to compare the two. Specifically, we would like to know which zebra finch

specialization is related with which human specialization. We set up a regression

model where we try to explain an avian specialization by a linear combination of

human specializations (Fig. 3.3) :

• The avian specialization of interest is Savian

• The set of every human specializations is Shuman1 ... ShumanN , where N is the

number of specializations that are being considered.

• B1 .. BN are the coefficients estimated for the human specializations based on

their relationship to the avian specialization.

Savian “ B1Shuman1 `B2Shuman2 ` `BNShumanN (3.1)

The regression is a necessary step beyond a direct distance metric because many

of the human brain regions and brain specializations are closely related to each other.

The most likely explanation for this is that many of these brain regions contain similar

subtypes of neurons. The human has fairly high coverage of brain regions, while the

zebra finch brain only has discontiguous subset of brain regions. It is possible that a

songbird specialization may match best to a human specialization that has a length

longer than one, spanning multiple regions. Therefore, we consider the set of all

human edges from a parent to any node that is lower on the tree. This addition

to the model significantly increases the number of potential human specializations.

To reduce the complexity, we limit the number of variables in two ways. First, we

restrict the general region of the search. The human analog of zebra Area X is

identified by searching the telencephalon, while the human analog of the other song

nuclei are limited to the cortex. The second method to reduce the complexity is
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to remove redundancy of nearby edges. More specifically, we attempt to find the

local minima of the tree. For a given human specialization, if the correlation to

the avian specialization can be improved by increasing the branch length by one or

by decreasing the branch length by one, then only the better specialization should

be considered. The procedure to only take the most informative specialization of a

particular area of the tree is as follows:

1. For every human specialization SN , and a particular avian specialization Savian,

compute a distance D:

DpSNq “ 1´ corpSN , Savianq

2. Begin with the global minimum S1

3. The current specialization, Q, is specialization from region XtoY, SQ “ X ´ Y

For an adjacent region to XtoX 1, compute SQ “ X 1 ´ Y

if( DpSQq ą DpSQ) )

mark SQ as explaining SQ , repeat 3., with Q “ Q1.

else

eliminate all explained regions, repeat 2.

After the model has been created with the relevant procedures, ANOVA is used

to determine which human specialization have a significant relationship to the avian

specialization. After the analysis, only the human regions that have a positive rela-

tionship (similarity) to the avian specializations are considered, based on the coeffi-

cient of the variable.
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3.3 Results

3.3.1 Relationship between human and zebra finch brain regions

First, the specialization of the zebra finch region Area X relative to any other telen-

cephalic song nuclei (HVC, LMAN, or RA) was tested for similarity to any human

telencephalic subregion specialization relative to any other human telencephalic sub-

region. We found that the relative songbird Area X telencephalic specialization with

the highest match to any human telencephalic was with the caudate nucleus (Cd),

which is in the striatum (3.4A). This mapping between the Area X specialization and

the caudate nucleus specialization was highly and the most significant (p=1E-107)

that any other region (3.4A).

Next, the pallial song nuclei specializations of the zebra finch were compared to

human telencephalon specializations. The specialization of HVC and LMAN of the

nidopallium relative to RA best matched specializations in the transverse temporal

gyri of the primary auditory cortex (Fig. 3.4B), but at a lower significance (p=4E-12).

However, the significance of this relationship is low relative other p-values obtained

using these parameters. The arcopallium, made up of RA and the surrounding area

combined best matched the superior rostral gyrus of the frontal lobe (p=7.9E-10,

Fig. 3.4C).

3.3.2 Convergent evolution of primary motor cortex

We surmised that having the surrounding arcopallium as a basis for comparison

to song nucleus RA may increase the power of the specialization comparison. The

surrounding acropallium is known to mediate non-vocal motor behaviors (Feenders

et al., 2008), giving us a direct comparison between a vocal brain region and a similar

non-vocal brain region. We found that there were specializations of RA relative to

surrounding the acropallium that matched a human specialization, and this was
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Figure 3.4: Comparison of zebra finch to human specializations. Shown are
the human specialization trees for every subregion of the telencephalon (A) and the
cortex (B) and (C). The edges of the specialization tree are colored based on the sig-
nificance the relationship of those human specialization to a particular avian special-
ization: (A) The specialization of Area X, (B) the specialization of the nidopallium
(HVC+LMAN), (C) The specialization of the arcopallium (AC+RA). Yellow is low
significance while dark red is highly significant. For a significant specialization that
spans multiple edges, all edges are colored.

within the primary motor cortex, and more specifically the precentral gyrus of the

central sulcus (Fig. 3.5A; p=1E-35).

In addition to the zebra finch, the regions analogous to RA and the surround-

ing arcopallium were profiled in two other vocal learning species, budgerigar and

hummingbird as well as the non-vocal learning species, ring dove and quail. The
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Figure 3.5: Comparison of avian RA to human specializations. In the vocal
learning species (first row), the specialization of RA in zebra finch (A), the analog
AAC in budgerigar (B), and the analog VA in hummingbird (C) are compared to all
specialization within the human cortex. In the non-vocal learning species (row 2), the
interior of the arcopallium (iAC) of the ring dove (D) and the quail (E) are compared
to all human specializations. The edges of the specialization tree are colored based
on the significance the relationship of those human specialization to that particular
avian specialization. Yellow is low significance while dark red is highly significant.
For a significant specialization that spans multiple edges, all edges are colored.
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hypothesis is that the vocal learning species would have a specialization not found

in the vocal non-learning species, as has already been identified in a small number

of genes (Wada et al., 2004; Matsunaga and Okanoya, 2009; Hara et al., 2012). We

used the subset of oligonucleotides on the zebra finch microarray that were likely to

cross hybridize according to our criterion outlined in chapter 2 (5 mismatches and/or

25 end mismatches) to each these species. Even with the lower number of oligonu-

cleotides being used, a significant relationship was still identified between the zebra

finch RA and the human precentral gyrus (Fig. 3.5A, p=5.8E-15). Specializations of

the budgerigar RA analog (AAc) also showed a similarly significant relationship to a

portion of the precentral gyrus (Fig. 3.5B, p=2E-16). In each case the specialization

was by far the most significant edge. The budgerigar specialization was less precise,

as its specializations were more also related to the larger frontal lobe (FL) cortex as

well as precentral gyrus within it. This may reflect the more complex organization

of the budgerigar AAC, consisting of different domains with different specializations,

relative the songbird RA (Jarvis, 2004). Annas hummingbird, the ring dove, and the

quail did not show any relationships at that level same level of significance to the

zebra finch and budgerigar (Fig. 3.5C,D,E). However, a weak relationship (p=7.7E-5,

2nd strongest in quail) was detected between the quail motor cortex specialization

and the specialization in human.

3.3.3 Specialized axon guidance molecules

A linear model was used to determine the set of genes significant in the zebra finch

and budgerigar RA specializations and the human specialization within the precental

gryrus along the central sulcus (see Methods). There were 39 genes found that

matched the criteria (pă 0.05 for all species). These consisted of an increase in 10

genes and decrease in 29 genes in the specialized area of human, zebra finch, and

budgerigar relative to the adjacent regions (Fig. 3.6). In the expression patterns
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Figure 3.6: A heat map visualized the expression of every gene (39) found to be
specialized in human precentral gyrus central sulcus, zebra finch RA, and budgeri-
gar AAC. Rows are genes, labelled by the human symbol on the right. Columns
are microarray experiments. For human, gene expression is shown relative to the
average of expression in other precentral gyrus samples. The expression profiles are
normalized so the maximum value is 1(dark red) for an increased specialization (10
genes) or -1 (dark blue) for a decrease specialization (29 genes). White boxes mean
no change relative to other precentral gyrus samples. For avian species, paired sam-
ples for the same bird are subtracted (RA - Surrounding arcopallium). The same
normalization process for visualization from human is used for the pooled zebra finch
and budgerigar samples.

of these genes, there is a clear difference between the central sulcus samples and

all other samples of the precentral gyrus. Interestingly, there was also a consistent

pattern for some samples (right side of the central sulcus samples) to have a strong

difference in expression relative to the other samples (Fig. 3.6). Not only are these

genes differentially expressed, but they are co-expressed.

To identify potential functions of these genes, we ran a gene ontology analysis

using a webserver (http://www.bioprofiling.de/) on the identified set of genes. This
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Table 3.1: Ontology analysis of specialized genes.

Category p-value Genes
PROTEIN BINDING 0.01 FN1, SDC2, KCNF1,

NTRK2, SLIT1, RTN4R,
NIP7, CUL2, FRYL,
PHF15, ZNRF1, C1QL3

CYTOSKELETON 0.01 EPB41L2, SNCA, SORBS2,
ERC2, TTLL5, ABI2

NEURONAL CELL BODY 0.01 SDC2, KCNF1, NTRK2,
SORBS2, ERC2

MEMBRANE 0.01 CDH4, GAP43, SDC2,
KCNF1, NTRK2, HS2ST1,
ODZ3, NELF, RTN4R,
SLC25A22, RRBP1,
ZNRF1, AGAP3, NAV3,
SCN4B

AXON GUIDANCE 0.025 GAP43, CDH4, SLIT1
NERVOUS SYSTEM DEVELOPMENT 0.035 GAP43 DPYSL3 NTRK2

SLIT1

analysis software looks for over-represented gene ontology categories, biological path-

ways, and even sets of genes gleaned from other experiments. Despite only a small

number of genes meeting criteria, several gene ontology categories were found to be

over-representing with an emphasis on categories related to neural function. The

axon guidance (p=0.025) related genes GAP43, CDH4, and SLIT1 were specialized

to the zebra finch RA, the budgerigar AAC, and the human precentral gyrus along

the central sulcus (Table 3.1). GAP43 is part of a calcium signaling pathway that

regulates growth cone function through the cytoskeleton (Bolsover, 2005). This may

relate to the abundance of cytoskeletal genes (p=0.01) found as being specialized as

well (Table 3.1). CDH4 part of the cadherin family that are well documented to me-

diate neuron connectivity (Takeichi and Abe, 2005). Because of their prominent role

in neurodevelopement they have been a focus of studies looking at specialization in

avian brains (Matsunaga and Okanoya, 2011). SLIT1 is a member of the SLIT family

that functions with ROBO to control axon guidance of large distances (Chédotal,

2007). Although not annotated as such in the database, RTN4R (NOGO-R) also has
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a well documented axon guidance function, which may be related to alzheimers dis

ease (Strittmatter, 2002). Another gene was identified as specialized with a potential

role in Alzheimers (Parkinsons as well), SNCA (Johnson and Wade-Martins, 2011;

Vekrellis et al., 2011) and another member of the family SCN4B. Previous research

has linked SNCA levels to hormone response in the song system (Hartman et al.,

2001). NTRK2 (TRKB) (Johnson et al., 1997) and GAP43 (Clayton et al., 2008)

have also been previously identified as song system specific. As a whole, this group of

genes contains many candidate genes with strong links to axon guidance and neural

phenotypes.

3.3.4 Specialized activity-dependent gene expression

In addition to the growing number genes that are specialized at baseline, exper-

iments are beginning to show specialization of gene expression induced by neural

activity. For example, the neural activity regulated IEG DUSP1 shows increased

singing-driven expression in song nuclei of vocal learning species but not in adjacent

brain regions by other behaviors nor in homologs of those adjacent regions in vocal

non-learning species (Horita et al., 2010, and in press). Due to the challenges of

collecting data of activity-dependent gene expression across vocal learning and vo-

cal non-learning species, we performed the more focused experiment of comparing

activity-dependent gene expression in zebra finch RA to activity-dependent gene ex-

pression in the surrounding area that responds to hopping, but not vocal behavior

(Feenders et al., 2008). In other words, singing regulated gene expression was com-

pared to hopping regulated gene expression to look for genes that have specialized

in a condition-specific manner. For RA, silent control birds used for the specializa-

tion analysis above were compared to birds that produced learned vocalization for 1-2

hours. Similarly, birds that were stationary, due to darkness, were compared to birds

that were engaged in hopping for 1-2 hours. To analyze this data, a linear model was
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used. When the song-specific gene expression was broken down into individual hours

(see Methods), we were able to confirm that 1-2 hours of song production induced a

similar amount of gene expression as 1-2 hopping (Fig. 3.7A).

Surprisingly, we identified more gene expression as being responsive to hopping

behavior as opposed to song production (Fig. 3.7B). However, this could be due to

more variability in the song production than the hopping behavior. At a p-value

ă 0.05, there were 15 transcripts that had an increase and 14 that had a decrease

in RA specific to song production. In contrast, there were 44 transcripts that had

an increase and 63 that had a decrease in the surrounding arcopallium specific to

hopping. Only a subset of transcripts at p ă 0.03 are shown (Fig. 3.7B). Out of

the stimulus specific genes, two have been related to speech production: DOCK4,

which increases in response to hopping (Fig. 3.8A) and CNTNAP5 which decreases

in response to hopping were both implicated in dyslexia by the same study (Fig. 3.8B

Pagnamenta et al., 2010). Those two genes in particular are potential candidates for

further experimentation, using the songbird as a model organism.

3.4 Discussion

The song nuclei have been a popular and valuable tool for studying the production

of learned vocalizations as a model for human speech. As mammals and birds are

separated by a large evolutionary distance (ą 300 million years; Jarvis et al., 2005),

the level of relevance of the song control nuclei for human speech is sometimes ques-

tioned. The behavior controlled by the human and songbird neural circuit for the

production of learned vocalizations has strong similarities, but that does not neces-

sarily mean that the neural circuit itself or the brain regions within that neural circuit

have similarities to each other. Even if a brain region in mammal and a brain region

in bird do play a similar role in the circuit, it is not necessarily the case that those

brain regions would be analogous to each other at a molecular level, in terms of their

47



Figure 3.7: (A) The distance, measured by the number number of genes sig-
nificantly different, between hopping induced gene expression and singing induced
gene expression at each hour separately (see chapter 4). Gene expression after 1-2
hours hopping best matches gene expression after 1-2 hours song production. (B)
A heat map visualized the expression of the significant (p ă 0.03) transcripts found
to be induced exclusively by song production in RA or hopping in the surround-
ing arcopallium (AC). Rows are genes, labelled by the transcript ID on the right.
Columns are microarray experiments. The expression profiles are normalized so the
maximum value is 1(dark red) for an increased specialization or -1 (dark blue) for
a decrease specialization. White boxes mean no change relative to other precentral
gyrus samples.
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Figure 3.8: The normalized expression values of (A) DOCK4-s2 and (B)
CNTNAP5-s2, two transcripts associated with dyslexia (Pagnamenta et al., 2010).
For different regions and conditions, the log expression change is shown relative to
the mean of RA silent samples. Blue - silent RA samples from other experiments.
Yellow - singing birds when RA is measured. Purple -inactive birds in the dark. Red
- bird that are moving and hopping in the cage.

expression pattern. The major goal of this study of gene expression patterns across

human and songbird brains was to determine if such similarities exist at a molecular

level. To do so, we developed a cross-species genomic framework to compare brain

regions that makes use of specializations, as opposed to a direct comparison of gene

expression profiles. We found that significant similarities.

Prior to this study, evidence based on neural connectivity, lesion studies, and

neural activation have guided the comparison of brain regions (Jarvis, 2004), leading

to different hypotheses (Table 1.1). Out of these hypotheses, the ones based on neu-

ral connectivity and cell types have the most support. Area X has been hypothesized

to be either like the striatum or striatum+globus pallidus; further, within the stria-

tum, Area X has been suggested to be similar to the head of the caudate or ventral

striatum/accumbens (Doupe and Kuhl, 1999; Jarvis, 2004). Partially consistent with

the first hypothesis, we found specializations in Area X to match most strongly to
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the human caudate nucleus, and not the ventral striatum or globus pallidus. The

songbird RA, parrot AACd, and hummingbird VA projects directly to the brainstem

vocal motor neurons in a manner similar to the human facial motor cortex, and this

projection is not found in vocal non-learning birds or non-human primates (Doupe

and Kuhl, 1999; Jarvis, 2004). Further the projection is not found in the adjacent

arcopallium for other motor neurons, where only indirect projection exist (Bottjer

et al., 2000). For these and other reasons, the avian arcopallium has been proposed

to be homologous to layer 5 neurons of mammalian primary motor cortex, and the

RA specialization within it to be analogous to those neurons in the human face

motor cortex (Jarvis, 2004; Jarvis et al., 2005). Alternatively, using developmental

gene expression profiles, others have argued that the arcopallium along with RA is

homologous to parts of the mammalian claustrum and amygdala. We found that the

RA specializations relative to the surrounding arcopallium matched strongest spe-

cializations within the human precentral gyrus, or primary motor cortex. However,

the evidence is less strong that the entire arcopallium (made up of both RA and

the surrounding area) matches to the entire human primary motor cortex or any

encompassing brain region. The leaves open the possibility that brain regions that

are not direct analogs, but have undergone convergent evolution to become more

similar to each other. If this is the case, then one would expect to find this pattern

preferentially in vocal learning species.

Consistent with that hypothesis, the relationship to human primary motor cor-

tex is found to be very strong in budgerigar as well. Because the most recent phy-

logeny places zebra finch and budgerigar as closely related (Hackett et al., 2008), this

molecular profile may be found in a common ancestor. The budgergiar has a more

complex, specialized neural circuit (Jarvis, 2004). Different subregions within the

RA analog AAC mediate connections with the vocal motor pathway and the vocal

learning pathway. This may explain why the budgerigar specialization looks to be
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less specific, (matching a specialization from the cortex to a part of the precentral

gyrus as opposed to the whole precentral gyrus to a part of the precentral gyrus).

The relationship between the avian RA analogs and the human primary motor cor-

tex is not found in Annas hummingbird, perhaps due to its evolutionary distance to

songbird and parrot (Hackett et al., 2008), possibly having evolved the vocal learn-

ing circuit independently. Although the signal is significantly weaker, a relationship

to the human primary motor cortex samples is also found in the quail arcopallium.

It is possible that this subtle, weaker specialization within the quail arcopallium

eventually provided the molecular basis for the evolution of vocal learning.

As described above, one of the defining characteristics of RA, compared to the

surrounding area, is its connection to the vocal learning pathway and the 12th motor

neurons of the brain stem. In accordance with this increases connectivity, there is an

over-representation of axon guidance molecules found in the overlap between zebra

finch RA, the budgerigar analog AAC, and the human primary motor cortex. Based

on their specialization across species, these genes (including SLIT1, GAP43, CDH4,

and RTN4R) are excellent candidates for mediating the increased connectivity. In

particular, SLIT1 is a good candidate because its receptor, ROBO1, has been impli-

cated in dyslexia, reviewed in (Kang and Drayna, 2011) and by a screen to identify

amino acid mutations specific to vocal learning mammals (Wang, unpublished). In-

dependent pieces of evidence, gene expression and genetics, linking vocal learning to

same pathway significantly increases our confidence that the pathway is important

for vocal learning behavior.

The study of gene expression that is specialized to RA or the surrounding ar-

copallium in response to neural activity (singing vs. hopping dependent) included

a component linked genetically to vocal production. The two dyslexia associated

genes identified, DOCK4 and CNTNAP5, were increased and decreased respectively

by hopping behavior in the surrounding arcopallium only. They may play role in

51



developing neural circuits in an activity-dependent manner (Hua and Smith, 2004).

Due to obvious ethical concerns, this activity-dependent gene expression cannot be

measured in post-mortem human brains. Our discoveries of the molecular similar-

ities between RA and Area X with human speech areas increase confidence that

conclusions drawn from these regions in songbirds during vocal production could be

relevant to human speech. In the next chapter, we perform an extensive profiling of

singing regulated genes in songbird song nuclei, which provides insights into how the

dynamics of gene expression are related to the dynamics of vocal behavior.

3.5 Methods

3.5.1 Collection of microarray data

The microarray data was collected in three phases of the experiment. The first comes

from (Whitney et al., 2012) and is described in more depth in chapter 4. The second

comes from Hara et al. (2012). The third set of experiments, performed by Thomas

Reardon and supervised by Erina Hara were performed as a preliminary experiment

to Hara et al. (2012). The behavioral protocols of each of these experiments are

outlined below along with the standard microarray processing protocol. Based on

the experiment, there are some deviations to the protocol. The major ones are

described in the text.

For the first set of experiments (Whitney et al., 2012) tissue was collected from

the song nuclei (Area X, HVC, LMAN, and RA) in both silent and singing (1-2 hours)

conditions. Adult male zebra finches that were observed spontaneously singing at

least 20 minutes in the morning were individually isolated overnight in sound atten-

uation chambers. On one of the subsequent mornings for no more than one week,

after the lights came on, we collected the brains of males that sang continuously for

different amounts of time: 1 hour and 2 hours after singing began (n = 6 animals per

time point). We only used birds that sang ą 25 bouts per 0.5 hour. We purposely an-
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alyzed continuous singing behavior as opposed to acute, as this was the birds normal

behavior, we wanted to maximize gene induction, and if we found differences between

time points (as we did), we could still related them to start of singing. Silent males

(0-hr) were taken as birds that did not sing within 1-3 hr for a given morning. We

staggered the collection of silent animals, to normalize detecting possible circadian

changes in gene expression in song nuclei in the absence of singing. After the singing

session was complete, whole brains were excised, cut sagittally along the midline,

and the separated hemispheres were quickly frozen in a block mold containing tissue

tek (Sakura) and stored at ´800C.

For both the second and third set of experiments Hara et al. (2012), tissue was

collected from the forebrain RA and surrounding areas, both within the arcopal-

lium. However, between these two sets of experiments, the behavioral protocol was

different. In the second set of experiments, the birds observed to be silent and

non-moving were chosen. For the third set of experiments, birds were described as

naturally moving and hopping before being chosen. The birds from both experiments

were sacrificed by quick decapitation. Brains were quickly removed (within 5 min)

and embedded in OCT compound (Sakura Fine Technical, Tokyo Japan) in a plastic

block mold, frozen in a dry ice-ethanol bath, and kept at -800C until use. Coronal,

frozen brains were cut at 10um thickness for birds. Some sections were saved on

polyethylene naphthalate membrane (PEN) slides (Molecular Devices, Sunnyvale,

CA) for laser capture and others were mounted on plus charge slides (Fisher Sci-

entific, Pittsburg, PA) for in situ hybridizations. Slides were stored at -800C until

processing.

For each set of experiments, the tissue was processed in similar manner. PEN

membrane slides were removed from -800C and placed in fresh 75% ethanol diluted

with sterile RNAse free distilled water for 5 min in an RNAse free designated hood.

Slides were rinsed in distilled RNAse free water until OCT compound was removed.
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In songbird forebrain sections, we did not stain them since song nuclei were easily

seen due to their increased fiber density. The slides were then dehydrated in a series

of freshly prepared alcohols, several dips each of 75%, 95% and 100%, in sterile

50 ml tubes with 2 changes each. The slides were placed in fresh xylene twice for

5 min each and then placed in the hood until the tissue dried („5 min or more).

Slides were then placed under an Arcturus XT laser microdissection microscope

(Molecular Devices). Target areas in first set of experiments were the zebra finch

Area X, HVC, LMAN, and RA. Target areas for in the second and third set of

experiments were RA-analog song nucleus for vocal learners, ciA for non-learners, and

medial or ventral-lateral iA depending on species. These regions were identified and

manually outlined with the software drawing tool, adhered to Capsure Macro LCM

caps (Molecular Devices) with an IR laser, cut with the UV laser, and then captured

to the cap. We captured on average cells from 5 sections for arcopallium regions and

10 for brainstem nuclei, per cap. After capture, the cap membrane with nuclei were

carefully removed and placed in a 0.65 ml tube of the PicoPure RNA isolation kit

which contained 50µl of disruption buffer (Molecular Devices). Tubes were placed

on a 420C heat block for 30 min then in a -800C freezer until all desired samples were

captured. Total RNA was then isolated according to the remaining protocol steps in

the PicoPure isolation kit instructions (Molecular Devices). The concentration and

integrity of total RNA were measured on a 2100 Bioanalyzer (Agilent Technologies,

Santa Clara, CA USA) using the RNA Pico 6000 kit according to manufacturer

instructions (Agilent Technologies). Five nanograms of total RNA were linearly

amplified as cDNA using the uMACS SuperAmp Kit (Miltenyi Biotec, Germany).

Just before cDNA amplification a 1:200000 dilution of Agilent One Color RNA Spike-

In Mix (Agilent Technologies) was added to five nanograms of total RNA from each

sample. The Spike-in recognizes only control non-vertebrate oligonucleotides on the

array, which allows us to detect amplification and hybridization artifacts. Samples
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were linearly amplified as cDNA and labeled with Cy3-dCTP using the uMACS

SuperAmp Kit (Miltenyi Biotec). After completing the reaction, the synthesized

Cy3 labeled cDNA concentration was calculated with a NanoDrop 2100 (Thermo

Scientific, MS). For this experiment, we used three animals for each bird species.

From the amplified cDNA reactions, 1.5 mg of amplified labeled product (probe)

was denatured and hybridized to our custom designed songbird oligo spotted arrays

(Agilent Technologies Songbird Array v2; see chapter 2) containing oligonucleotides

designed from over 44,000 relatively unique cDNA transcripts, including some splice

variants. More detailed information on the arrays is available at (aviangenomes.org).

For hybridization, the Maui hybridization system was used (BioMicrosystems, UT).

The arrays were hybridized at 550C for zebra finch probes. For the other bird species,

we found that we needed to hybridize them at a lower temperature, 490C, to obtain

comparable detectable signals presumably due to lower sequence homologies. After

hybridization, the microarrays were scanned with the Axon GenePix 4000B scanner

to acquire and analyze the expression data (Molecular Devices). For analysis, signal

intensity on an axon array scanner was obtained in Agilent oligoarray format. The

raw data has been deposited in a MIAME compliant database, GEO (accession

#GSE33365 for the zebra finch song nuclei and #GSE28395 for RA and Arcopallium

across species).

Human microarray data (Agilent 8x60K custom human microarray) across a male

and female for 257 subregions of the post-mortem human brain was downloaded from

the Allen Brain Atlas (http://human.brain-map.org/, July 2011). The protocol for

tissue collection is available online.

3.5.2 Microarray data processing

For zebra finch, we used the set of all oligonucleotides. For the other avian species

(budgerigar, annas hummingbird, ringdove, and quail), the results are based upon
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the oligonucleotides that were determined by the analysis in chapter 2 to reliably

measure gene expression in at least four out of the five species. However, all analyses

were also conducted used entire set of oligonucleotides and very similar results were

obtained (data not shown). The human Agilent microarray data from the Allen

Brain Atlas was already appropriately normalized. To compare across species, the

microarray values for one gene were are all merged together (mean value) based

on which on ENSEMBL gene model they map to in the annotation conducted in

chapter 2. This procedure will eliminate information about potential splice vari-

ants, but was necessary to compare across distantly related species. The mapping

of avian oligonucleotides to ENSEMBL gene models was determined based on map-

ping oligonucleotides to the zebra finch genome, mapping the original transcript

sequences to the finch genome, and blasting the transcript sequences to human gene

databases (chapter 2). Once the microarray data were indexed by ENSEMBL gene

ID, bioMART was used to focus on the genes avian that have a 1 to 1 mapping

between zebra finch and human (Kasprzyk, 2011). Similarly, we also only included

mouse genes that have a 1 to 1 mapping between mouse and human. Finally, we

eliminated any human genes that did not map to either zebra finch. The mapping

from oligonucleotides to genes along with annotation information can be found in

Table S2.1. After being merged in to genes, the avian microarray samples were nor-

malized in every species individually using variance stabilization (VSN) (Huber and

Heydebreck, 2002). As a result, we had „13000 zebra finch genes, and „5000 genes

in other avian species that contribute to our model.

3.5.3 Identifying candidate genes between birds and mammals

A linear model was used to identify the genes that make up the molecular signature

that was found be common to the human precentral gyrus central sulcus, the zebra

finch RA, and the budgerigar AAC. Four separate parameters were estimated. One
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parameter estimated the central sulcus gene expression, one parameter estimated

the gene expression of all other sub-regions of the central sulcus (see Fig. 3.2). The

samples zebra finch RA and budgerigar AAC were paired by animal. The different

sample pairs were subtracted (RA - AC, Fig. 3.1) and then one parameter was used

to model the zebra finch and another parameter was used to model the budgerigar

difference. Three separate contrasts were performed: 1. Precentral sulcus versus

other precentral gyrus; 2. Differential zebra finch expression; 3. Differential budgeri-

gar expression. Candidates were considered significant if the difference they reached

pă 0.05 using the decideTests function in limma with a global correction (Smyth,

2004).

3.5.4 Identifying singing and hopping specific gene expression

Samples from three separate experiments were used in this analysis.

1. Singing RA (1-2 hours) versus silent RA

2. Hopping AC (1-2 hours) versus silent RA

3. Inactive AC versus silent RA

Based on the experimental design, each experiment was normalized indepen-

dently, but then scaled to be relative to the mean value of RA silent birds, which is

present in all experiments.

A linear model was used to identify singing-specific candidate genes. A param-

eter was estimated for singing-dependent gene expression at 1 hour, one for singing

dependent gene expression at 2 hours, and one for silent gene expression in RA in

the same experiment. Another parameter was estimated for hopping dependent gene

expression RA, and one parameter was estimated for inactive gene expression in RA.

Three contrasts were performed that compared the values of these parameters to

determine if a gene was singing dependent. 1) Singing RA was compared directly
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to AC hopping. 2) RA was compared to to RA silent. 3) Gene expression induced

by singing was measured (RA sing - RA silent) - (AC hopping - AC inactive). A

p-value ă 0.05 was required for all contrasts. A similar procedure was used to de-

termine expression significantly regulated specifically by hopping: 1) AC hopping -

RA singing, 2) AC hopping - AC inactive, 3) (AC hopping - AC inactive) - (RA sing

- RA silent). This series of contrasts allowed us find gene expression that was only

differentially expression in response to neural activity, not at baseline.
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4

Core and region enriched gene expression define
singing regulated gene networks

4.1 Introduction

Transcription factor activity in response to an external cue can be considered an

engine that drives the cells function in complex multi-cellular organisms. This process

has been examined in several biological systems, from myeloid leukemia cell lines

(Suzuki et al., 2009) to the nervous system where cultured neurons respond to neural

activity in a process referred to as activity-regulated gene expression (reviewed in

Lyons and West, 2011). Such stimulus-dependent gene expression has been studied

in vitro using strong and continuous pharmacological depolarization of postsynaptic

receptorsa rough substitute for endogenous presynaptic inputto activate signaling

cascades that induce the expression of many genes (Flavell and Greenberg, 2008).

Although investigations of isolated single cell types in culture are certainly useful to

generate gene networks under a reductionist paradigm (Flavell and Greenberg, 2008),

they are unlikely to capture the underlying complexity of gene networks in vivo. For

example, the same cell type, such as glutamatergic excitatory neurons, can have
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vastly different connections depending on brain location (Sur and Rubenstein, 2005;

Thivierge and Marcus, 2007; Sporns, 2011). Activity-dependent gene regulation is

influenced by interactions between connected cells (Zhao et al., 2005; Fields et al.,

2005; Lyons and West, 2011). Furthermore, continuous or acute pharmacological

stimulation is unlikely equal to endogenous cognitive behavior-induced stimulation

of a brain circuit. Thus, it is possible that behavioral performance could activate

gene regulatory modules that are different from isolated cells.

Of the animal models available to address this question songbirds offer an ad-

vantage, namely, easily identifiable brain nuclei that control production of a learned

vocal behavior with parallels to human speech (Fig. 1.2A; Doupe and Kuhl, 1999;

Jarvis, 2004). Initial studies demonstrated that singing induces gene expression for

transcription factors EGR1 and FOS in song control nuclei (Jarvis and Nottebohm,

1997; Kimpo and Doupe, 1997). Subsequent studies, using prior knowledge of other

genes or cDNA microarrays, discovered an additional 33 genes regulated in song nu-

clei by singing. These gene products have a wide range of cellular location profiles

and functions (Wada et al., 2006), from neurogenesis (Li et al., 2000; Lombardino

et al., 2005) to speech (Teramitsu and White, 2006; Miller et al., 2008). Based on

these findings, it was hypothesized that singing might regulate several hundred genes,

and that there might be regionally specific gene expression networks within different

song nuclei (Wada et al., 2006).

The four major song nuclei are embedded within three regionally distinct te-

lencephalic cell populations: nidopallial (HVC and LMAN), arcopallial (RA) and

striatal (Area X), each containing both excitatory and inhibitory neurons, Fig. 1.2A;

(Mooney and Konishi, 1991; Luo and Perkel, 1999; Reiner et al., 2004; Jarvis et al.,

2005). As described in the introduction of the thesis, these song nuclei are connected

in a vocal motor pathway (HVC to RA) and a vocal learning pathway (LMAN and

Area X) that controls vocal production and acquisition (Nottebohm et al., 1976; Bot-
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tjer et al., 1984; Scharff and Nottebohm, 1991; Williams and Mehta, 1999; Brainard

and Doupe, 2000; Olveczky et al., 2005; Aronov et al., 2008) with analogs to mam-

malian brain regions in the cortex (pallium) and basal ganglia (striatum), that con-

trol speech in humans (see chapter 3 Bottjer and Johnson, 1997; Jarvis, 2004; Jarvis

et al., 2005).

Here, in chapter 4, we compare singing regulated gene networks between distinct

cell populations in the brain. Instead of hundreds, we find thousands of transcripts

regulated by singing behavior across different brain regions. Unlike isolated cultured

neurons, in the intact brain of behaving animals, similar cell types in different parts

of the circuit have stimulated gene networks that are quite diverse. The results

suggest that diverse cell-to-cell interactions and differential combinatorial binding

of a small group of transcription factors may influence regional diversity of gene

networks in seemingly similar cell types. Thus, in highly integrated neural circuits

of intact behaving animals, transcriptional network diversity appears to be the rule,

rather than the exception. The findings have been submitted for publication, where

I am Dr. Osceola Whitney are co-first authors.
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4.2 Results

To study singing regulated gene networks in the brains of awake behaving animals, we

used a 44K oligonucleotide microarray to measure gene expression from four major

nuclei in the songbird brain that control song production (Fig. 1.2A; Area X, HVC,

LMAN, RA). Song nuclei were laser capture microdissected (Fig. 4.1B) from zebra

finches that were silent or continuously singing for 0.5 hr, 1hr, and for each hour
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thereafter up to 7 hr, resulting in over 200 microarrays (Fig. 4.1A). Microarrays

that passed a quality control threshold by quality metric standards (Kauffmann

et al., 2009) were normalized by variance stabilization (Huber and Heydebreck, 2002).

The expression values of different oligonucleotides that measured different or the

same transcripts from the same gene were merged if they exhibited similar relative

expression across all measured samples (median intensity correlationą 0.525, ą 2SDs

from the mean, estimated p “ 0.02; see chapter 2). Different oligonucleotides from

the same gene that had different expression patterns in the same animals have the

potential to be alternatively spliced variants that are differentially regulated and were

therefore kept distinct. This analysis detected a total of 24,498 uniquely expressed

transcripts (Supplemental Table S4.1) in one or more of the four song nuclei in silent

and singing animals These 24,498 transcripts represent 58% of the oligonucleotides

on the microarray, of which 18,478 (75%) mapped to 9,059 ENSEMBL v60 annotated

genes.

We performed an initial verification of the accuracy and reliability of our microar-

ray hybridization and analyses using the well studied singing regulated gene, EGR1

(Jarvis and Nottebohm, 1997). In all brain regions, EGR1 expression measured

by our microarray analyses correlated well with the EGR1 expression measured by

single gene in situ hybridization on adjacent brain sections from the same animals

(Fig. 4.2A). This finding demonstrates that our microarrays can quantitatively de-

tect changes in singing regulated gene expression. Next we next tested for differential

expression of genes.

4.2.1 Diverse brain region differences at baseline

First we analyzed gene expression in song nuclei during the baseline state to deter-

mine the level of transcriptional diversity across brain regions before stimulation of

cells by singing. For this, we developed a linear model that identifies transcripts
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Figure 4.1: Experimental design for capturing time series expression of singing
regulated gene expression. (A) Images of 10 µm tissue sections before and after
laser capture microdissection at 10X magnification on the Nikon TE2000U inverted
microscope. Before: Following dehydration, song nuclei fiber density appears darker
than surrounding tissue. After: Song nuclei regions are selectively cut out using an
infrared laser. Capture: The cut song nuclei transferred to the cap by the LCM
system. For microarray analysis each of the 4 song nuclei from each animal was
captured separately to individual LCM caps. Dorsal is up, anterior is right. Scale
bar 2 mm. (B) Schematic of experimental design of LCM samples isolated from the
4 brain regions (H HVC, L -LMAN, R RA, and A - Area X) and hybridized to
microarrays in animal replicates of silent (0) or singing for different periods of time
(0.5-7 hr).
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Figure 4.2: Validation of singing regulated gene expression. (A) In situ hybridiza-
tion measures of EGR1 relative to microarray measures from individual silent and
singing animals from all 9 singing time points. Fold changes of EGR1 expression
measured by in situ hybridization correlates well microarray expression levels. There
were differences in the relative relationships of the two approaches, with Area X
having the highest dynamic range in the microarray signal and RA the lowest, which
we believe is due to differential sensitivity of expression level difference among song
nuclei by the two methods. (B) True positive analyses of microarrays for differ-
ential gene expression detected at baseline (in silent animals) evaluated by in situ
hybridization. (C) True positive analyses of microarrays for singing regulated gene
expression evaluated by a combination in situ hybridization and RT-PCR. The in-
sert tables summarizes the number of genes tested for each region, including true
positives (TP), false positives (FP), and TP rate = 1´#TP {p#TP `#FP q.

differentially expressed in every song nucleus and combinations thereof (See meth-

ods). We found that of the 24,498 transcripts detected in song nuclei, about 5,167

(21%) were differentially expressed relative to each other at baseline (at an adjusted p

ă 0.1). These transcripts mapped to 3,168 ENSEMBL genes, approximately 17% of

the genome. These 5,167 transcripts were hierarchically clustered into 5 major region

specific patterns and a similar number of smaller ones (Fig. 4.3, Supplemental Table

S4.2). The largest cluster had higher expression in the striatal song nucleus Area

X relative to the pallial (cortical-like) song nuclei HVC, LMAN, and RA (Fig. 4.3,

turquoise cluster). The next largest cluster of transcripts had higher expression in

all the pallial song nuclei relative to Area X (Fig. 4.3, blue cluster). Together these

clusters accounted for more than 50% of the genes differentially expressed at base-
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line. The next largest cluster of transcripts was expressed higher in the nidopallium

song nuclei HVC and LMAN (Fig. 4.3, yellow cluster), followed by those expressed

higher in the arcopallium song nucleus RA (Fig. 4.3, green cluster). HVC and LMAN

of the nidopallium were more similar to each other in their expression profiles than

they were to RA in the arcopallium (i.e., compare Fig. 4.3, green to yellow), and RA

was the only pallial brain region that had a large cluster of down regulated gene ex-

pression relative to other pallial regions and Area X of the striatum (Fig. 4.3, brown

cluster). Two of the several minor clusters consisted of genes uniquely enriched HVC

(Fig. 4.3, black cluster) and LMAN (Fig. 4.3, red cluster) respectively. These rela-

tionships were confirmed by a dendogram analysis, which separated the pallial song

nuclei from the striatal and show an inter-relationship between HVC and LMAN of

the nidopallium (Fig. 1.2A; Fig. 4.3, below heat map).

To experimentally test these baseline expression patterns we examined by in situ

hybridization 42 genes in each song nucleus: 32 with known song nuclei specific ex-

pression patterns in the baseline state (George et al., 1995; Wada et al., 2004, 2006;

Li et al., 2007; Lovell et al., 2008; Kubikova et al., 2010) and 10 genes, newly charac-

terized here, all of which are regulators of intracellular signaling (Supplemental Table

S4.3). The overall true positive rate is 0.87 (Fig. 4.2). This corresponds well with

the adjusted false discovery rate p-value of 0.1 (See methods). The in situ analysis

reveals that some of the song nuclei patterns reflect differential expression from the

surrounding brain divisions in which they are housed (e.g., pallium versus striatum,

or within the nidopallium and arcopallium; see FMNL1, DGKI, GPSM1 in Fig. 4.4,

B, C, respectively). A number of these patterns are consistent with known biology,

such as higher striatal expression of the FOXP2 transcription factor and the D1A,

D1B, D2 dopamine receptors (all in the Area X specific turquoise cluster, Supple-

mental Table S4.3, Haesler et al., 2004; Kubikova et al., 2010), and higher pallial

expression of the GRIA3 and GRIA4 glutamate receptors and the D3 dopamine re-
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Figure 4.3: Region-enriched gene expression at baseline. Shown is a heat map of
hierarchal clustered expression profiles of 5,167 transcripts (rows) that are differen-
tially expressed across regions at baseline (adj. p ă 0.1) in silent birds; red, increases;
blue, decreases; white, no change relative to mean Area X expression. Each column
is an animal replicate. Below the heat map is an average linkage hierarchical tree,
generated from mean expression in each region, representing the molecular expression
relationships of the brain regions to each other. Detailed results are in Supplementary
Table S4.2.
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ceptor (Supplemental Table S4.3, blue cluster, Wada et al., 2004; Kubikova et al.,

2010). In addition to this overlap with known biology our in situ analysis of the mi-

croarray data revealed novel region specific gene expression (CISH, NTS, and DLX6

in Fig. 4.4A, B, C). The most song nucleus specific gene was FAM40B (aka, STRIP2),

a phosphatase that was restricted to pallial song nuclei and the primary auditory

area L2 (Fig. 4.4A). These results from the baseline brain state are consistent with

the recently revised understanding of avian brain organization and homologies with

mammals, which separated striatal from pallial brain regions and designated distinct

pallial brain regions (Reiner et al., 2004; Jarvis et al., 2005). They are also consistent

with our results in chapter 3.

We tested whether there was functional enrichment of the baseline gene expres-

sion clusters (at adjusted p ă 0.2), and found two striking ontology categories: 1)

membrane proteins, particularly for pallial song nuclei and 2) non-coding RNAs, par-

ticularly for Area X (Supplemental Table S4.4). Enrichments for other categories,

such as enzyme pathways, cytoplasmic proteins, and transcription factors, were mi-

nor or null by comparison. The membrane proteins that dominated the pallial song

nuclei included plasma membrane proteins important for cell-to-cell signaling and

axonal connectivity (Fig. 4.3 and Supplemental Table S4.4, blue cluster; 144 of 1369

transcripts), as well as post-synaptic density (PSD) proteins (212 transcripts). Sig-

nificant subsets of the PSD proteins are specifically involved in synaptosom-clatherin

mediated cell-to-cell interactions and the NMDA receptor complex. These membrane

and PSD proteins comprised 33% of the 1369 transcripts enriched in the pallial song

nuclei. In addition, RA was highly enriched for a different group of membrane pro-

teins (53 of 243 transcripts) or different variants of those in the all-pallial (blue)

set, and the dominant function of these genes was neural connectivity (Fig. 4.3 and

Supplemental Table S4.4, green cluster). RA also had over-represented with genes

involved in several neurological disorders, namely epilepsy and Alzheimers (21 and 15
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Figure 4.4: Example in situ hybridizations verifications of baseline and singing
regulated genes identified by microarray analyses. Film autoradiograph images are
inverted showing white as labeled mRNA expression of the gene indicated below
the image. (A-C) Baseline gene expression verified from 5 clusters (color-coded)
according to the heatmap of Fig. 4.3. These correspond to clusters of transcripts that
are (A) higher in all pallial song nuclei (RA, HVC, LMAN) relative to the striatal song
nucleus (Area X; blue clusters), (B) differentially expressed just among the pallial
song nuclei (green, yellow, and brown clusters) or (C) higher in the striatal song
nucleus relative to pallial song nuclei. (D) Examples of core singing regulated genes
regulated in 3-4 song nuclei detected by microarrays, most peaking at 30 minutes,
but detected in all 4 with diverse levels by in situ hybridization. (E) Examples
of region-enriched singing regulated genes in one or two song nuclei, with peaks of
expression at later time points. Dorsal is up, Anterior is right. Scale bar 2 mm.

transcripts, respectively), consistent with our results in chapter /3. HVC and LMAN

of the nidopallium together were highly enriched for even another non-overlapping

group of membrane proteins, and dominant again were genes involved in neural con-

nectivity and cell-to-cell communication (Fig. 4.3 and Supplemental Table S4.4, yel-

low cluster). In contrast, Area X in the striatum was highly enriched for non-coding
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RNAs (Fig. 4.3 and Supplemental Table S4.4, turquoise cluster; 20% of transcripts,

all other categories ă 1.5%). Area X had a lower, but still significant enrichment

of G-protein coupled receptors and synaptic transmission proteins, consistent with

the known diversity of metabotropic glutamate and dopamine G-protein receptors

in Area X and the surrounding striatum (Wada et al., 2004; Kubikova et al., 2010).

The RA down cluster was the only other expression group enriched for non-coding

RNAs (Fig. 4.3 and Supplemental Table S4.4, brown cluster), which is really a set

of transcripts with higher expression in Area X, HVC, and LMAN, relative to RA.

This RA down set is also enriched for another group of PSD proteins different from

the all-pallial enrichment. These results indicate that at least a quarter of the tran-

scripts expressed in the brain are differentially expressed among song nuclei. The

dominant functions of these genes include cell-to-cell communication and neural con-

nectivity, but also non-coding RNAs. Next, we explored if this differential baseline

gene expression reflects differential singing regulated expression.

4.2.2 Core and region-enriched temporal patterns of gene expression during behavior

To detect singing regulated gene expression in multiple brain regions, we used a linear

model that controls for RNA amplification variance, see methods. With the exception

of the song nucleus LMAN, the experiments were performed in two different batches

that were time shifted by one hour to control for time of day circadian differences. A

term in the linear model distinguishes these two batches to control for possible small

experimental variations. We did not include a term that correlated gene expression

with the amount of song produced because different measures of song behavior (i.e.

number of song bouts vs. number of song motifs) may have different effects on the

amount of singing regulated transcripts detected, and thus a song amount term could

screen out such true positives.

Using the linear model we found an estimated 2740 regulated transcripts ( 11%
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Figure 4.5: Region-enriched gene expression in response to
singing. (A) A 4-way Venn diagram (generated using Venny
(http://bioinfogp.cnb.csic.es/tools/venny/index.html) showing regional singing
regulated distribution of 2,740 transcripts (adj. p ă 0.2). (B) Heat map all
2,740 transcripts (adj. p ă 0.2) from the Venn diagram, hierarchically clustered
independently in all four song nuclei, and then sorted by increased or decreased
expression, and level of significance from highest to lowest in the linear model. Each
column (170 total) is animal replicate within a time point, and time points are
separated by white lines. Red, increases; blue, decreases; white, no change relative
to 0-hr samples for each song nucleus. Boxes highlight significant singing regulated
enrichment for each region (adj. p ă 0.2 for that region). (C) A 4-way Venn diagram
showing region specific enrichment of the more strict set of 1,144 transcripts (adj. p
ă 0.2 in region of interest, adj. p ą 0.5 in other regions). (D) Heat map all 1,144
region-enriched transcripts from the stricter Venn diagram (adj. p ă 0.2 in region
of interest, adj. p ą 0.5 in other regions). Detailed results are in Supplementary
Table S4.5.
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of the 24,498) that were either up- or down-regulated in one or more song nuclei as a

result of singing behavior (Fig. 4.5A, B; Supplemental Table S4.5; at an adjusted p

ă 0.2). Of these 2,740 transcripts, 1,833 map to individual genes of the total 18,551

annotated ENSEMBL (v60) zebra finch genes, indicating a conservative estimate of

10% of the annotated genes in the genome regulated by singing.

To evaluate the accuracy of our microarray analysis for singing regulated tran-

scripts we evaluated the expression of 76 transcripts (Supplemental Table S4.6, cyan

and blue rows; See methods). We compared the expression of 43 transcripts detected

after microarray hybridization with expression detected after in situ hybridization.

This included 2 transcripts, EGR1 and BDNF, which are transcriptionally regulated

during singing (Jarvis and Nottebohm, 1997; Li et al., 2000) and 15 genes from a pre-

vious microarray study (Wada et al., 2006), when there was an overlap in the DNA

sequence between the cDNAs used for that microarray and the oligonucleotides used

in the current microarray. These also included 26 genes that were evaluated by in

situ hybridization based on their identification as singing-regulated in the present

microarray analysis. Four of these transcripts examined by in situ hybridization

were also examined by RT-PCR (Supplemental Table S4.6, blue), yielding similar

results. Finally, 33 additional singing regulated genes identified by the current anal-

ysis were evaluated by RT-PCR (Supplemental Table S4.6, lavender). These values

were calculated were relative to a group of 13 negative control genes that did not

show regulation on the microarrays (See methods). Our verifications focused on the

brain region Area X, with smaller amount of verification data from HVC, LMAN,

and RA. To estimate the true positive rate, we determined whether each gene was

a true positive or false positive based on both the in situ hybridization and the RT-

PCR verification (Supplemental Table S4.6, columns F-I green=TP, red=FP). The

overall true positive rate was 0.78 for genes examined by in situ hybridization and

RT-PCR (Fig. 4.2C). We believe that this number is decreased due to differences
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in splicing that could affect expression only expression measured on the microarray

or only expression measured by in situ. There was a strong correlation between

the microarray and RT-PCR measured expression Fig. 4.6. The log-fold change de-

tected by RT-PCR was 4 times that of the microarray Fig. 4.6. There were also a

number of false negatives (Supplemental Table S4.6, columns F-I - orange), indicat-

ing that our microarray analysis of 2740 transcripts probably reflects a conservative

under-estimate of the singing regulated genes. Yet the analyses means that given

this conservative measure, of the 2740 transcripts, for every 10 transcripts measured,

approximately 8 were true positives.

Given this verification, we analyzed expression of the 2740 singing regulated tran-

scripts in two ways: either as one brain region only enriched clusters (Fig. 4.5) or

temporal-region clusters (Fig. 4.7). The regional analyses showed that Area X had

the most regulated transcripts (1162), followed by HVC (772), RA (702), and LMAN

(635; Fig. 4.5A-D; also shown in Fig. 4.7A-C). Striking about this analysis was that

most (96%) of the 2740 singing regulated transcripts showed up or down regulated

expression that was enriched in only 1 or 2 song nuclei (Fig. 4.5A, B). A core set

of only 97 transcripts was regulated in at least three out of four song nuclei, and of

these only 20 were regulated similarly in all four (Fig. 4.5A; Table 4.1, Supplemental

Table S4.5). Conversely, 74% (861) of the 1162 transcripts regulated in Area X were

enriched in Area X, as was 65% of the 772 regulated in HVC, 77% of the 635 in

LMAN, and 66% of the 702 in RA (Fig. 4.5A, B). However, we noted that many

singing regulated transcripts that were region-specific according to the linear model

also had some weaker regulation in other song nuclei (Fig. 4.5B) near the adj p = 0.2

cut off. This could be due to strong and significant regulation in one song nucleus

and weak or less consistent regulation in others. Consistent with this idea, EGR1,

known to be regulated in all four song nuclei is weakest in RA and the adj p-value for

RA was 0.226 and well below 0.1 for the other song nuclei (Supplemental Table S4.5).
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Figure 4.6: Real time PCR analysis of singing regulated and baseline genes. In
Area X, 37 genes were tested at various levels of significance, from very high to well
below the significance threshold. These genes were all measured in the 0, 1, 2, or
3 time points. Samples from the same time point were pooled. Despite confound-
ing factors such as different microarray hybridization efficiencies for different genes
and sample pooling that occurs for the RT-PCR data, but not the microarray, the
quantitative analysis shows that there is a strong correlation between RT-PCR and
microarray measured expression levels. The overall the log fold change is calculated
as the difference between a genes log fold change and a group of un-regulated genes
(see methods). The log fold change predicted by the RT-PCR is 4 times that of the
microarray.
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To determine if there was a stricter set of region-enriched singing regulated clusters,

we eliminated transcripts from the analysis that were significantly regulated (FDR

ă 0.2) in one nucleus but close to threshold (i.e., between 0.2 and 0.5) in any other

song nucleus (Fig. 4.5C, D; Table S4.6). With this stricter analysis, we still found

a large number of regulated transcripts, 1144, which showed region specific enrich-

ment. These included 37% of the transcripts regulated in Area X, 29% in HVC, 41%

in LMAN, and 32% in RA (Fig. 4.5C, D; Table S4.6). We validated these patterns

with in situ hybridizations (Fig. 4.4D-E). Thus, the majority of singing regulated

genes were diverse across song nuclei and not simply large subsets of each other, and

even when regulated in multiple song nuclei, the relative expression levels can be

quite diverse.

To identify temporal-regional profiles, we combined the profiles of all 3271 tran-

scripts from each song nucleus (1162 in Area X, 772 in HVC, 635 in LMAN, 702

in RA) and performed hierarchical clustering with optimization for the number of

clusters. This analysis revealed a minimum of 20 different temporal clusters or pat-

terns across four song nuclei (Fig. 4.7A-D; Supplemental Table S4.5). Because each

significant temporal cluster was considered independent of each other, it is possi-

ble for a transcript of one temporal cluster in one song nucleus to fall into another

temporal cluster of another song nucleus. The 20 temporal clusters consisted of tran-

scripts with expression patterns that were either transient- or sustained-, increased-

or decreased-, early- (0.5-2 hr) or late- (3-7 hr), as well as with two peaks (double).

Consistent with the region-only analyses, some temporal clusters had many tran-

scripts in some regions and very few in other regions. For example, in the double-

increasing cluster (cyan) the majority of transcripts (79%) were in HVC (Fig. 4.7B,

cyan cluster; Table 4.2), and minorities (5-10%) in the other song nuclei (Fig. 4.7A,

C, D, cyan cluster; Table 4.2). In support of this finding, a hypergeometric test

showed that this double-increasing temporal cluster had a significant number of HVC
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Figure 4.7: Temporal-spatial singing regulated gene expression and relationships
with region enriched expression. (A-D) Heat maps of all 2,740 singing regulated
transcripts, hierarchically clustered first amongst all song nuclei into 20 temporal
patterns (colored boxes on left), then separated out by song nucleus, then by in-
creased or decreased expression, followed by level of significance from highest to
lowest in the linear model. Red, increases; blue, decreases; white, no change relative
to 0-hr samples. (E) Relationships among clusters of transcripts from the baseline
region-enriched (top grey box, from Figure 3), singing temporal-enriched (rectangu-
lar nodes, from panels A-D), and singing region-enriched (bottom grey box, from
Fig. 4.5D) patterns. Nodes are colored according to their cluster colors in the re-
spective figures. Edges (p ă 0.001, hypergeometric test). Detailed results are in
Supplementary Table S4.5.
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region-enriched singing regulated transcripts (p ă 1E ´ 12; in Fig. 4.5D). Only 5 of

20 temporal clusters had a strong representation from all four brain regions (at least

10% of transcripts in all regions), one of them being an early transient 0.5-1hr in-

creasing cluster of singing regulated expression (Fig. 4.7A-D, tan cluster; Table 4.2).

A hypergeometric test showed that this early transient temporal cluster contained a

significant proportion (16%) of the core set of 97 transcripts (p ă 1E ´ 5; Fig. 4.7E;

Supplemental Table S4.7).

Examination of the singing regulated gene clusters revealed that the core set

of 97 transcripts was dominated by known IEGs (reviewed in Lyons and West,

2011), including EGR1 and FOS, the nuclear receptor transcription factors NR1D2,

NR4A1, NR4A3, and heat shock transcription factors HSF2, HSPA5, and HSP90

beta (Supplemental Tables S4.5; green and yellow highlighted). A functional enrich-

ment analysis showed that the core set was also enriched for other activity-regulated

genes identified in cultured neurons, including MEF2 activity-regulated genes (FOS,

DUSP5, NR4A1, NR4A, EGR1; Flavell and Greenberg, 2008) and genes regulated

after 6hr stimulation with KCl (FOS, PER2, DUSP5, NR4A1, NR4A3, ACSL4,

HUNK; Kim et al., 2010b), as well as genes regulated in songbird sensory regions

by playbacks of song (FOS, DUSP5, NR4A1, NR4A3, EGR1, ARC; Supplemental

Table S4.8A; Dong et al., 2009). In contrast, we did not find significant overlap of

the region enriched singing regulated gene clusters with previous experiments that

used cultured cells to identify activity-regulated genes (Supplemental Table S4.8A).

Interestingly, DUSP5 was one of the genes that showed specialized regulation in RA

by singing but not in the surrounding brain area by hopping (chapter 3).

Consistent with the regional analyses, functional enrichment analyses of the tem-

poral clusters showed that all of the activity-regulated gene expression sets from

previous cell culture experiments were highly enriched in the early transient (tan)

temporal cluster (Supplemental Table S4.8B). Given the strong associations between
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the early temporal cluster and known activity-regulated genes, and between the core

set of 97 transcripts and known IEGs, as well as enrichment of the early transient

(tan) cluster for the core set of transcripts, we refer to this early temporal tan clus-

ter as the IEG temporal cluster. Only 3 out of the other 19 temporal clusters were

enriched for activity-regulated gene sets from cell culture experiments: 1) a delayed

(up at 3hr) cluster, mainly expressed in Area X and HVC, enriched for genes en-

coding calcium ion binding proteins (STIM1, MEX3B, CALR, CALB1, NUCB2,

SLC25A13) and protein phosphatases (PTPRJ, PTPN12, PTPN5, DUSP4, DLG1,

DUSP6; blue temporal cluster); 2) an acute-sustained increase cluster mainly in Area

X (green); And 3) a slow increase cluster, mainly expressed in Area X and LMAN

(turquoise), enriched with induced genes in cultured neurons after 6hrs of KCl (Xi-

ang et al. (2007); Fig. 4.7; Supplemental Table S4.8B). These findings indicate that

a small core set of transcripts, which includes IEGs, are common across brain regions

and thus cell types, which is consistent with findings from activity-regulated exper-

iments in cell culture. In contrast, the later and slower clusters that make up the

vast majority of regulated expression have distinct region-enriched expression, which

is less consistent with culture experiments. To investigate a possible explanation for

this gene expression diversity, we explored whether there were relationships between

the diverse baseline and singing regulated groups of transcripts.

4.2.3 A relationship in differential baseline and differential singing regulated genes

After being induced by a stimulus, IEG transcription factors are thought to regulate

expression of a second wave of late response genes (Hill and Treisman, 1999; Barco

et al., 2002). Late response genes have been suspected to be required for formation

of long-term memories (Chew et al., 1995; Huang et al., 1996; Nader et al., 2000).

However, we did not expect such regional diversity of late response genes in vivo, and

thus sought to explain how a small core set of singing regulated transcription factors
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expressed in most brain regions could possibly regulate a diverse set of downstream

genes with little overlap among regions. We hypothesized that there might be a

relationship between the differential transcriptional state at baseline before singing

stimulation and the regionally enriched singing regulated expression.

In support of our hypothesis, hypergeometric tests revealed significant overlap

between subsets of transcripts from the baseline region-enriched clusters (Fig. 4.7E,

top gray box) and 10 of the 20 singing regulated temporal clusters (Fig. 4.7E, rect-

angular nodes) as well as the core and region-enriched singing regulated clusters

(Fig. 4.7E, bottom gray box; Supplemental Table S4.7). For example, transcripts

expressed at higher levels in Area X at baseline or at higher levels in LMAN at

baseline tend to be singing regulated in Area X and LMAN respectively (Fig. 4.7,

red lines). Subsets of transcripts from both the baseline and the singing regulated

clusters significantly overlapped subsets of transcripts from multiple temporal clus-

ters enriched in the same song nuclei, such as the Area X baseline up and Area X

singing regulated linked to the 1-2hr increase (fuchsia) and sustained increase (green)

(Fig. 4.7E), and pallial song nuclei (HVC, LMAN, RA) up and HVC and RA singing

regulated clusters linked to, respectively, two different double-increasing temporal

clusters (Fig. 4.7E). Interestingly, all 10 of the 20 temporal clusters that significantly

overlapped the baseline clusters (Fig. 4.7E, blue lines) were increasing clusters. In

one case, the significant overlap of transcripts led to finding the same gene ontology

enrichments categories, where both the pallial song nuclei baseline cluster and the

double-increasing HVC cluster were enriched with a group of PSD proteins (Supple-

mental Tables S4.4 and S4.8B). However, overall ontology overlap was not common

between the baseline and singing regulated genes, suggesting that the overlapping or

non-overlapping transcripts in the singing regulated clusters were dominated by cat-

egories other than cell communication and neural connectivity (Supplemental Table

S4.8).
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Overall, these relationships show that if a gene is higher in a region relative to

others at baseline, it is also more likely to increase in that region during song pro-

duction. Although there are regionally enriched genes that decrease during singing,

these are not related to the region enriched baseline genes measured. One possible

mechanism for this difference between increasing and decreasing gene expression, and

for region enriched singing regulated expression is that transcription factors enriched

in a region at baseline, induce increased expression of singing regulated genes in that

region, but do not decrease them. If true, then the binding motifs for these tran-

scription factors should be over-represented in the promoters of singing regulated

region-enriched increasing genes, in different combinations, leading to a divergence

in gene expression across brain regions. This hypothesis is explored in chapter 5 with

a transcription factor binding site scan. An issue with this theory is that HVC and

LMAN have very similar expression patterns at baseline, as part of the nidopallium

(Fig. 4.3), but very different genes and expression patterns during song production.

A possible explanation, is that some of these differences are due to the different roles

these brain regions play in the context of the neural circuit for producing learned

vocalizations. If so, we may be able to identify region-specific temporal patterns of

gene expression associated with the behavioral variables associated with that region.

This hypothesis is explored in chapter 6.

4.3 Discussion and conclusion

We systematically and quantitatively interrogated singing regulated gene expression

within a brain circuit in a behaving animal. We find that production of a com-

plex learned motor behavior engages a large portion (about 10%) of the transcribed

genome. Only a minority of the stimulus-induced genes is comparably regulated in

all brain regions tested, whereas the vast majority is enriched in different combina-

tions of 1 or 2 brain regions. This diversity of gene expression does not support the
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implied model based on cell culture experiments of neural activity flowing through

brain regions and activating largely uniform cascades of gene expression (Flavell and

Greenberg, 2008). Instead, our data suggests a model where neural activity activates

a small core set of genes that perturb an already functioning diverse transcriptional

network. This alternative model is similar to the process recently described in cell

differentiation, where parallel transcription factor cascades act in concert rather than

one cascade (Suzuki et al., 2009). Depending on the baseline network already present

in each region, we speculate that the perturbation by the core set of genes has a dra-

matically different effect. Based on overlap between the IEG and several late clusters

of singing regulated genes with stimulus-dependent genes in cultured cells of other

species, we believe this model of network perturbation extends beyond the zebra

finch and beyond the nervous system. Below we discuss our hypothesis, alternative

possibilities, and the potential functional roles of the region specific baseline and

stimulus-induced gene networks for each song nucleus.

The enrichment of calcium ion binding genes in the Area X and HVC region-

enriched delayed cluster could function to increase the neurons calcium buffering

capacity in these nuclei specifically in response to increased neural activity. Singing

regulated genes from the MAPK pathway, such as DUSP1 in RA and other song

nuclei, may be involved in neural protection of a brain region that is highly active

during a behavior (Horita et al., 2010). The over-representation of post-synaptic

density proteins in the pallial song nuclei before singing, and in HVC during singing,

suggests that organizing synaptic proteins is a homeostatic process in the pallium but

an active process in HVC. The overrepresentation of genes involved in Alzheimers

disease within RA, even before singing is initiated, suggests a possible site for the

consolidation and/or storage of long-term song motor memories. Whichever mech-

anism or combination of mechanisms are responsible for the diversity of expression,

it is clear that diversity appears to be the rule rather than the exception and this in
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turn suggest diverse molecular functions for each song nucleus.

Our findings suggest the following revision to the standard model of stimulus-

induced gene expression in the nervous system. In response to neural activity during

performance of a behavior, when neurotransmitters are released at the membrane be-

tween connected cells, they activate pre- and post-synaptic receptors. Our findings

also suggest another potentially overlapping layer of complexity, where the major

difference between brain regions at baseline are genes that express plasma mem-

brane proteins, particularly at the synapse. In this case, alternative major cause of

singing regulated gene expression differences between brain regions could be due to

the membrane receptor complexes at the synapse (Jarvis, 2004; Wada et al., 2004).

For example, the high anatomical distribution of the glutamate receptor subunit

GRIN2D correlates with the absence of singing regulated EGR1 mRNA induction

(Wada et al., 2004). In this modified model, different membrane receptor complexes

would activate different cofactors to induce different genes in different brain areas.

Another (not mutually exclusive possibility) is differential regulation by non-coding

RNAs. The strong over-representation of non-coding RNAs at baseline in Area X

indicates that this brain region may be heavily controlled by non-coding regulatory

mechanisms. Adding to the receptor dependent gene expression differences could be

differences in neural firing patterns across brain regions, which has been shown to af-

fect the activation of gene expression (Zhao et al., 2005). In chapter 5, more specific

mechanisms of singing regulated gene expression will be explored by examining the

over-representation of transcription factor binding sites in the identified gene sets.

In chapter 6, we will examine the diversity in gene expression patterns.

In summary, as the mechanisms underlying the diversity of gene expression pat-

terns begins to be understood, so will the role of individual genes and pathways in

learning, maintenance, and production of behavior. Performance of complex behav-

ior involves interaction between behavioral performance, neural activity, networks
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of cells, and networks of associated genes. Untangling the subtle differences in con-

nected neurons, firing patterns, signaling pathways, and transcription factor activity

may lead to a greater understanding of the diversity of gene expression patterns we

observe here in highly interconnected cells within a multicellular organism.

4.4 Methods

4.4.1 Singing behavior and sample collection

A total of 54 adult male zebra finches that were observed spontaneously singing

at least 20 minutes in the morning were individually isolated overnight in sound

attenuation chambers. On one of the subsequent mornings for no more than one

week, after the lights came on, we collected the brains of males that sang contin-

uously for different amounts of time: 0.5 hour, 1 hour, and every hour up to 7

hours after singing began (n = 6 animals per time point). We only used birds that

sang ą 25 bouts per 0.5 hour. We purposely analyzed continuous singing behavior

as opposed to acute, as this was the birds normal behavior, we wanted to maxi-

mize gene induction, and if we found differences between time points (as we did),

we could still related them to start of singing. Silent males (0-hr) were taken as

birds that did not sing within 1-3 hr for a given morning. We staggered the col-

lection of silent animals, to normalize detecting possible circadian changes in gene

expression in song nuclei in the absence of singing. Singing behavior from each

bird was digitally recorded for the entire observation time using Avisoft-Recorder

(http://www.avisoft.com/). Background cage noises were filtered out using Sound

Analysis Pro (http://ofer.sci.ccny.cuny.edu/sound analysis pro). After the singing

session was complete, whole brains were excised, cut sagittally along the midline,

and the separated hemispheres were quickly frozen in a block mold containing tis-

sue tek (Sakura) and stored at ´800C. Brain sections were cut sagittally at 10 µm

and mounted onto PEN membrane glass slides (Molecular Devices) for laser capture
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microdissection (LCM) or Fisherbrand Superfrost Plus slides (FisherScientific) for

LCM and in situ hybridization.

4.4.2 LCM, RNA isolation and cDNA synthesis

We established a protocol for preparation of tissue for LCM as reported previously

in (Roulhac et al., 2011; Warren et al., 2010). Slides of tissue sections were fixed

and sequentially dehydrated in graded alcohols (70%, 95%, 100%, 1 minute each),

delipidized in xylenes for 10 minutes, and air-dried for 10 minutes. Under these

conditions the fiber density within song nuclei (i.e., Area X, HVC, LMAN, and RA)

appears darker than the surrounding brain tissue (see Fig. 4.1C) when viewed un-

der brightfield on the Arcturus XT Microdissection Microscope (Molecular Devices).

HVC, Area X, RA, and LMAN were separately microdissected from 7-9 brain sections

per bird onto CapSure Macro LCM Caps (Molecular Devices). From the captured

song nuclei we isolated total RNA using the Picopure RNA Isolation kit according

to the manufacturers instructions (Molecular Devices), except that the song nuclei

on the LCM Cap membranes were carefully removed with RNase free forceps. To

stabilize the RNA, the membranes were immediately submerged in 50µL of RNA

Extraction Buffer in a GeneAmp 0.5mL thin-walled reaction tube (Applied BioSys-

tems), vortexed briefly, snap frozen in a dry ice ethanol bath, and stored at 800C. We

evaluated RNA integrity and purity on an Agilent Bioanalyzer RNA 6000 PicoChip

(0.5-2.0ng of RNA from each region depending on its volume). High quality RNA

samples were then reverse transcribed and cDNA linearly amplified using the WT

Ovation Pico kit (Nugen) or the µMACS SuperAmp Kit (Miltenyi Biotec) according

to the manufacturers instructions. With this approach, amplification is initiated at

the 3’ end as well as randomly throughout the whole transcriptome. Just before am-

plification, 10 control transcripts not present in vertebrate genomes from the Agilent

One Color Spike-in kit were added to the isolated RNA at multiple concentrations
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(1:50,000 dilution). These 10 control transcripts vary 6 logs in concentrations, in one

log or half log increments and anneal to complementary control oligonucleotides on

Agilent microarray. The spike-ins served as a quality control metric of the ampli-

fication and subsequent labeling and hybridization steps. The quality and amount

(typically 7-10µg) of the amplified single-stranded antisense cDNA products were as-

sessed on a Bioanalyzer NanoChip and a Nanodrop 2000 spectrophotometer. Size of

cDNA products ranged between „50 bases and „1.5 kb. Amplifications containing

artifact peaks in electrophoretic trace were omitted from further processing.

4.4.3 Oligonucleotide microarray hybridization

Microarray hybridizations were performed at the Duke Center for Genome Technol-

ogy Microarray Center. For all amplified samples, 2.2µg of cDNA were labeled with

Cy3 and purified using the Nugen FL-Ovation Cy3 labeling and fragmentation kit

according to the manufacturers instructions. After calculation of the degree of la-

beling („3%), the Cy3 labeled cDNA was fragmented and hybridized overnight to

our custom-designed Agilent zebra finch 4 X 44K oligonucleotide microarray (Agilent

catalog# AMADID 022706), as follows. First labeled cDNA was vacuum centrifuged

and the pellet resuspended in 25µl of hybridization solution containing formamide

(16%), Nugen F4 Blocking Reagent (31%), Agilent blocking reagent (1X), and Ag-

ilent Hyb Buffer (1X). The sample was then denatured at 950C for 3 minutes and

kept at 550C until each microarray chip was loaded in a MAUI A4 hybridization

chamber (BioMicro Systems). A A4 clamp was used to secure the microarray slides

in the MAUI chambers. Each labeled cDNA sample was then loaded onto a mi-

croarray slide and hybridized at 550C for at least 20 hr, with the humidity chamber

positioned over the microarrays. The following day, slides were removed from the

MAUI chamber, placed in a slide rack and submerged in Agilent WASH 1 containing

10% TritonX-102 at RT for 1 minute, followed by Agilent WASH 2 at 370C for 1
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minute on a shaker. The microarray slides where then slowly removed from the rack

to minimize formation of droplets on the slides and air-dried. After hybridization

and washes, slides were scanned at 5-micron resolution, with a 532PMT=520 setting,

on a GenePix 4000B microarray scanner (Molecular Devices) and images were saved

in TIFF format. The signal intensities of all spots on each image were quantified

using the Agilent Feature Extraction Software v.9.5.1 and data saved as .txt files for

further analysis.

4.4.4 Detecting differential expression

These filtering and merging processing steps described in chapter 2 resulted in 24,498

oligonucleotide subgroups that represent 9,060 ENSEMBL IDs, and 10,256 unique

symbols, which were used for subsequent analysis (Supplemental Table S4.1). The

number of symbols is less than the number of genes, because of multiple splice vari-

ants sharing the same symbol, or because not all transcripts have a symbol due to

not being annotated by ENSEMBL. Further, not all symbols have ENSEMBL IDs.

To detect differentially expressed transcripts across song nuclei at baseline, a

linear model was created using limma (Smyth, 2004) to compare every combination

of song nuclei against each other in the 0-hr samples. Subgroups with an adjusted

p-value ă 0.1 in any one comparison were determined to be significantly differentially

expressed, for a total of 5,167 subgroups. This value was similar (7,078) when using

a less stringent cut off, adjusted p ă 0.2, as used for the singing regulated gene

expression with more variability (data not shown); thus, we believe we captured

most of the baseline song nuclei gene expression variability at p ă 0.1. To detect

differential expression in response to song production, a linear model, was applied to

each region independently. For each gene, we defined the normalized expression of

gene X in array n as

Xn “M `XtTt `XdDn `XaAn ` en
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where M is the mean expression of the gene across all arrays, XtTt are time factors

for each hour the bird is sacrificed, XdDn control for when the experiment was con-

duction, XaAn are technical RNA amplification factors, and en is the residual error

of the given array. More specifically, Xt is the time point specific gene expression,

and Tt is an indicator variable which is 1 if array n was collected at time t; Xd is

the dependent on when the experiment was collected, which controls for circadian

expression, Dn is an indicator variable determined by what batch the experiment is a

part of; Xa represents how much the measured gene expression level is dependent on

amplification error and An is an amplification error-dependent term for the specific

array (measured by the array quality metric package, Kauffmann et al., 2009), to

correct for the errors associated with amplifying small amounts of material. The

experiments were run in two separate batches, one which began at around 9AM and

another which began at around 10AM. By controlling for the batch, we are also able

to eliminate gene expression that is dependent on a when the experiment began.

After applying this model to each brain region, we observed high true positive

rates of singing regulated transcripts using a relatively relaxed threshold of adjusted

p-value ă 0.2 for all regions but LMAN, where we used ă 0.1. We used a different

cut off from LMAN due to the lower number of samples per time point (3 instead

of 6) and the lack of time staggering in the experiment. Without using this more

stringent threshold, the results were dominated by genes that appeared to be circa-

dian. Consistent with this notion, we found that the true positive rate for LMAN

was improved by using the more stringent set with adjusted p ă 0.1, rather than

p ă 0.2. Also, circadian gene ontology categories no longer dominated the results

(data not shown).
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4.4.5 Microarray clustering, overlap, and Gene Ontology analysis

Baseline expression was grouped into k=12 clusters using average linkage hierarchi-

cal clustering (Fig. 4.3, Supplemental Table S4.2). Adding clusters up to k=20 did

not result in any additional regionally specific profiles, only very similar partitions

(data not shown). The regional and temporal clustering of singing regulated tran-

scripts was performed across all regions simultaneously. Every bird was considered a

sample and every significant gene-region combination was considered as an item to

be clustered. For each pair wise comparison of transcripts x and y, the distance was

calculated as 1 - correlation (x,y) where missing data due to comparison across re-

gions was ignored. Average linkage clustering was then used to obtain k=20 clusters.

Adding clusters greater than k=20 did not result in any additional regionally singing

regulated profiles, only very similar partitions (data not shown). To compare baseline

expression, region-enriched singing regulated expression, temporal singing regulated

clusters, and gene ontology categories to each other, we used a hypergeometric p-

value of the overlap. Groups with the number of transcripts overlapping ă 5 were

removed from the analysis so that small coincidental gene ontology categories would

not dominate the results. To compare transcripts to each other, two separate tests

were used: 1) A comparison of temporal clusters (Fig. 4.7A-D) to region-enriched

singing regulated expression (Fig. 4.5C, D) using all singing regulated transcripts

as the background (Supplemental Table S4.7); 2) A comparison of temporal clus-

ters (Fig. 4.7A-D) to region-enriched baseline expression (Fig. 4.3) using all detected

transcripts as the background (Supplemental Table S4.7). In addition, we compared

the gene ontology sets for the region-singing regulated baseline expression (Supple-

mental Table S4.4), the region-enriched singing regulated expression (Supplemental

Table S4.8A), and temporal clusters of singing regulated transcripts (Supplemental

Table S4.8B). For the gene ontology analysis, the background was determined to
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be the genes corresponding to the set of all detected transcripts. The values were

corrected for multiple hypotheses by the multtest R package (Gilbert and Pollard,

2009) because of the large number of ontology sets. The bulk of our gene ontology

categories consist of the ontology and pathways categories of the gene signatures

database (Subramanian et al., 2005). Based on singing regulated hypotheses about

what pathways and mechanisms were involved, we added several other functional

gene sets to the list outlined in Supplemental Table S4.9. After these updates, we

detected 1162 singing regulated transcripts in Area X, including 378 of 807 tran-

scripts (47%) detected in the preliminary study (Warren et al., 2010). The biggest

difference with the previous study is removing singing as a factor, and increased

stringency in our approach of detecting true positives (see main text).

4.4.6 In situ hybridization

In situ hybridizations were performed as previously described (Wada et al., 2006).

In brief, 35S-labeled riboprobes were made from T7 (sense) and T3 (antisense) pro-

moter sites of cDNA clones from two sources used for the microarrays (Wada et al.,

2006; Replogle et al., 2008), using T7 and T3 RNA polymerases (Roche); cDNAs

from the third source (Li et al. 2007) were not available. Frozen sections were fixed

in 3% paraformaldehyde in PBS (pH7.4), acetylated, dehydrated in graded alco-

hols (70%, 95%, 100%), and air-dried. 120µl of hybridization solution containing

50% formamide, 10% dextran sulfate, 1X Denhardts, 12mM EDTA (pH 8.0), 10mM

Tris/HCl (pH8.0), 30mM NaCl, 0.5µg/µl yeast tRNA, 1µg/µl polyA, 10mM DTT,

and 1x 106 cpm of 35S-labeled riboprobe was applied to each slide, cover slipped and

hybridized in mineral oil overnight at 650C. Mineral oil and coverslips were removed

with rinses in chloroform and then 2X SSPE and 0.1% β-mercaptoethanol at room

temp. Slides were then stringently washed in 2X SSPE and 0.1% β-mercaptoethanol

for 1hr at room temp, 2X SSPE, 50% formamide, 0.1% β- mercaptoethanol for 1h
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at 650C, and 0.1X SSPE twice for 30 minutes each at 650C. Next, slides were de-

hydrated in graded alcohols (70%, 95%, 100%), dried, and then exposed to BioMax

MR film (Kodak) for 2-3 days. The film was processed with D-19 developer and

fixer (Kodak). Film images were quantified similarly as previously described (Wada

et al., 2006). Briefly, autoradiographic images of brain sections exposed to films

were digitally captured using a Dell PC running Olympus DP software to control an

Olympus DP71 camera mounted to an Olympus MVX10 microscope. Adobe Photo-

shop CS3 was used to measure mean pixel intensities on areas of interest after saving

the digital image in a tiff format, which allows 16 bits per sampled pixel or 65,535

different shades of gray to be analyzed. Verifications were done with n=2-3 animals

per group.

4.4.7 RT-PCR

We also used real-time polymerase chain reactions (RT-PCR) to verify differential ex-

pression of 37 singing regulated transcripts (Supplemental Table S4.8). The template

for RT-PCR was the synthesized cDNA from the LCM dissected song nuclei used

in the microarray experiments. RT-PCR was performed using the CFX96 real-time

PCR detection system (Bio-Rad) and the SsoFast EvaGreen Supermix kit (BioRad).

RT-PCR primers for the transcripts of interest were designed from zebra finch ex-

onic sequence using the Roche Universal Probe Library algorithm found online at

(https://www.roche-applied-science.com/sis/rtpcr/upl/ezhome.html). The 150-400

nucleotide exonic sequence chosen for each RT-PCR target gene overlapped with the

oligonucleotide sequence. The primers were designed to have a Tm of 600C, and their

sizes ranged between 19-25 nucleotides. Corresponding amplicon lengths ranged from

66-76 nucleotides. Reactions for each target amplicon were performed in triplicates.

PCR cycling conditions consisted of an initial 30 sec incubation step at 950C for

template denaturation and enzyme activation, followed by 39 cycles of 5 sec at 950C
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for denaturation and then 5 sec at 600C for annealing and extension. This two-step

reaction was followed by a melt curve reaction of 650C to 950C in 0.050C increments,

to ensure that the desired amplicon was detected. Negative (no template) controls

were also performed to verify the reaction was free of contamination. The reaction ef-

ficiency for each target gene was maximized so that cycle thresholds ranged between

20-30. Relative quantification of the RT-PCR amplicons was based on internal refer-

ence genes (B5FY49, CLK4, COX4, DDX50, FAM36A, FAM96B, G3BP2, MRPS14,

PSMB1, RPL21, TIM22, TM2D3) that were not detected as singing regulated by

our microarray analysis and fold-differences in expression were based on comparing

silent and singing animals using the CFX manager software version 1.6 (BioRad).

These negative controls constituted a null distribution that was used to calculate a z

score and significance of each singing regulated gene tested. Besides regulation, the

direction of regulation (up or down) was verified before labeling a gene as true or

false positive based on this measure.
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Table 4.1: The core set of genes represents transcripts that are regulated in 3 out of
4 regions. Here, we present the subset of that core set which are regulated in all four
regions.

TranscriptID Description ENSEMBLID
FOSs FBJ murine osteosarcoma viral

oncogene homolog
ENSTGUG00000012217

pasa cl 312162s
CALR-s2 calreticulin ENSTGUG00000014982
FKBP4-s3 peptidyl-prolyl cis-trans isomerase

fkbp4
ENSTGUG00000013147

JARID2-s1 Protein Jumonji (Jumonji/ARID
domain-containing protein 2)

ENSTGUG00000006054

PER2s Period circadian protein homolog 2
(Circadian clock protein PERIOD
2)(hPER2)

ENSTGUG00000005357

HSP90B1s heat shock protein 90kDa beta
(Grp94), member 1

ENSTGUG00000011181

PARG-s2 poly (ADP-ribose) glycohydrolase ENSTGUG00000005848
pasa cl 266783s

SS18L1-s2 synovial sarcoma translocation
gene on chromosome 18-like 1

ENSTGUG00000007836

HSPA5-s1 heat shock 70kDa protein 5
(glucose-regulated protein, 78kDa)

ENSTGUG00000007279

HSF2-s4 heat shock transcription factor 2 ENSTGUG00000011838
TRAPPC10-s5 trafficking protein particle complex

10
AHSA1-s1 AHA1, activator of heat shock

90kDa protein ATPase homolog 1
(yeast)

ENSTGUG00000012320

DOK6-s3 docking protein 6 ENSTGUG00000009250
pasa cl 336379s

PER3s period homolog 3 (Drosophila) ENSTGUG00000002547
DUSP5s Dual specificity protein phos-

phatase 5
ENSTGUG00000010605

NR4A1-s2 Nuclear receptor subfamily 4 group
A member 1

ENSTGUG00000016805

UGCGL2s UDP-glucose:glycoprotein glucosyl-
transferase 2 Precursor

ENSTGUG00000011123
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Table 4.2: This table shows the region-specificity of each cluster. Cluster size is
calculated as the number of temporal patterns, one transcript in one region, that
make up that cluster. The percentage for each song nucleus is the percentage tem-
poral patterns for each cluster that come from that song nucleus. We treated the
percentage of temporal patterns for every song nucleus as a vector. That vector was
compared against a vector representing every combination of regions using Euclidean
distance to determine the regions enriched. For example, the vector for tan cluster
(0.43, 0.24, 0.2, 0.13) was closest to the vector representing all regions (0.25, 0.25,
0.25, 0.25) as opposed to the vector for Area X (1, 0, 0, 0). As a result, the five
clusters that show a strong representation in all regions have at least 10% of their
transcripts from each region.

Temporal Clust. Pattern Size Area X HVC LMAN RA Regs. enriched
yellow Decrease and level 324 16.05% 14.20% 21.30% 48.46% All

tan Transient increase 115 42.61% 24.35% 20.00% 13.04% All
lightyellow 2 hour increase 43 13.95% 32.56% 20.93% 32.56% All
lightcyan One hour peak 140 12.86% 16.43% 46.43% 24.29% All
salmon Two increasing waves 137 14.60% 13.14% 14.60% 57.66% All

red Decrease and level 202 65.35% 14.85% 9.41% 10.40% Area X
green Increase and level 124 87.90% 4.03% 5.65% 2.42% Area X
blue Delayed increase and level 247 53.04% 34.41% 1.21% 11.34% Area X, HVC

purple Transient decrease 198 58.59% 24.24% 5.05% 12.12% Area X, HVC
magenta 1 hour peak 129 66.67% 31.01% 0.00% 2.33% Area X, HVC

black Increase and level 162 61.73% 16.67% 5.56% 16.05% Area X, HVC, RA
brown Tapered decrease 194 32.99% 36.60% 5.67% 24.74% Area X, HVC, RA

midnightblue Increase then decrease 74 31.08% 39.19% 4.05% 25.68% Area X, HVC, RA
turquoise Tapered increase 190 61.05% 6.32% 20.53% 12.11% Area X, LMAN

pink Noisy gradual decrease 122 64.75% 4.10% 13.11% 18.03% Area X, RA
cyan Double Increase 212 5.19% 78.77% 6.13% 9.91% HVC

grey60 Delayed decrease 93 9.68% 84.95% 3.23% 2.15% HVC
greenyellow Quick, sustained decrease 278 10.43% 6.12% 68.35% 15.11% LMAN
royalblue Transient decrease 129 3.88% 10.08% 79.07% 6.98% LMAN
lightgreen Noisy decrease 160 4.38% 9.38% 15.00% 71.25% RA
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5

The role of CARF, MEF2, and other transcription
factors in regulating singing-dependent gene

expression

5.1 Introduction

Studies of the properties and mechanisms of activity regulated gene expression have

implicated several transcription factors as important regulators, including CREB,

SRF, MEF2, EGR1, NFKB, and CARF, in a variety of different tissues and condi-

tions (Lyons and West, 2011). CREB can activated by phosphorylation in response

to KCl stimulation of action potentials in embryonic cortical neurons (Tao et al.,

1998) and in some HVC cell types during song production in zebra finch (Sakaguchi

et al., 1999). MEF2 has two distinct, but potentially overlapping roles. First, it is

activated by dephosphorylation in response to neural activity and can affect excita-

tory synapse number in an activity-dependent manner (Flavell et al., 2006). Second,

it can regulate the differentiation of tissue, such as muscle (Molkentin et al., 1995).

Across different tissue types, the targets and roles of some of these transcription

factors have been shown to vary significantly. For example, at high confidence, there
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is only one CREB target in common across hundreds of targets found in human

hepatocyte, pancreatic islet, and HEK293T cells (Zhang et al., 2005). An extensive

ChIP-chip study on SRF binding in three different human tissues also showed a large

amount of diversity (Cooper et al., 2007). Based on this set of research, it likely that

a portion of the gene expression we observe in response to singing (chapter 4 is me-

diated by some these transcription factors. However, based on the diverse function

of these transcription factors across different tissues, it is also likely that some of the

transcription factor may have region-specific targets that could lead to the diversity

of gene expression across regions that are observed. To better understand the mech-

anisms of singing regulated gene expression, we sought to better understand the role

of individual transcription factors.

Out of these activity regulated transcription factors, the targets and mechanisms

of CARF (Calcium Response Factor) function may be the most poorly understood.

CARF was first identified by its interaction with the calcium response element 1

(CaRE1) BDNF promoter IV through which it activates transcription of that exon

as a result of the calcium signaling response to neural activity (Tao et al., 1998; Mc-

Dowell et al., 2010). Based on its role in the regulation of BDNF, CARF knockout

mice were developed that had distinct cellular and behavioral phenotypes. In the

striatum, there was decrease in GABAergic proteins at synapses (McDowell et al.,

2010). At the behavioral level, CARF knockout mice had altered performance in a

spatial reversal learning task and had an impaired ability to extinguish fear condi-

tioning (McDowell et al., 2010). While some of the effects of the CARF knockdown

could be explained by its regulation of BDNF specifically, it is possible that CARF

plays larger role in the nervous system by regulating other genes as well. CARF

has been validated as transcription factor that directly binds to DNA in a sequence

specific manner (Pfenning et al., 2010). The importance of its DNA binding proper-

ties is highlighted by high conservation of the DNA binding element of the protein
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(Pfenning et al., 2010). Neither the DNA binding domain nor the protein as a whole

show homology to any other transcription factor implying that CARF is the only

member of a novel family of transcription factors.

Based on evidence highlighted above that some of these transcription factors

have different activities across different tissue types, it is possible that they may be

mediating the large differences in gene expression between different song nuclei. If

true, then the binding motifs for some of these transcription factors would be over-

represented in the promoters of singing regulated region-enriched genes, leading to

a divergence in gene expression across brain regions. Another possible role for a

transcription factor may be to specifically regulate genes that have a particular tem-

poral profile. To test these hypotheses, we performed a transcription factor binding

site scan in the sets of region-enriched genes and in the sets of temporal profiles

to determine whether or the preferred binding motif of these transcription factors

was over-represented. To validate the binding site scan and further explore the role

of transcription factors in activity regulated gene expression, we focus on CARF.

To understand the function of CARF as a whole in the context of the gene expres-

sion response to neural activity, I took the approach of working with experimental

and computational colleagues to characterize the genomic properties of CARF as a

transcription factor. The analysis of these diverse datasets required a variety of com-

putational techniques that include gene set enrichment analysis, motif discovery, and

linear models. Together, these experiments provide evidence that CARF functions

to maintain homeostasis in response to neural activity.

Acknowledgements: The results in this section were a collaborative effort by

members of the Jarvis lab and West lab in which these experiments were performed

as well as several outside collaborators. For the transcription factor binding site scan,

I Identified which transcription factors to use in analysis and linked these factors to

oligonucleotides on the microarray. The scan for transcription factor binding sites
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and over-representation analysis was conducted by Charles Blatti and Saurabh Sinha

at the University of Illinois. I analyzed these results. The ChIP-seq was performed

by Tae-Kyung Kim at Harvard. The initial processing and identification of peaks

in this data was performed by Martin Hemberg. I used the identified peaks to find

the likely transcription factor binding site motif. The CARF knockdown experiment

microarray data was collected by Anne West. I performed all array analysis and

Q-PCR verification. I also compared the CARF microarray data to the singing

regulated genes in finch.

5.2 Results

In this section, I am able to use a transcription factor binding site scan to find

potential roles for many transcription factors in regulating gene expression during

song production, including MEF2, which may be regulating region-enriched expres-

sion. To verify the accuracy of the scan and build on the knowledge of a particular

candidate, I show how a combination of different types of genomic data and data

analysis techniques across mouse and zebra finch is able to provide role for CARF

as maintaining cell homeostasis in response to neural activity. This study highlights

the usefulness of the time-course experiment of singing regulated gene expression in

understanding mechanisms and function of neural activity-dependent gene expres-

sion as a whole. This set of experiments also serves as a framework for a top-down

approach to discovering the function of a transcription factor in the context of a

particular system.

5.2.1 Overview of transcription factor binding site results

To identify the groups of genes that are likely to be regulated by a transcription fac-

tor, we performed a transcription factor binding site scan of the zebra finch genome,

which included two independent methods, STUBB and SWAN (Sinha et al., 2006)
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2008 (Kim et al., 2010a) . Each method quantifies the total presence of binding mo-

tifs in fixed-length genomic windows and sequence through Hidden Markov models,

without relying on arbitrary thresholds to define sites, but differ in their null model

of sequence generation. We searched for binding motifs near a gene with two differ-

ent definitions of the search space: 1) the proximal promoter region between 5 kb

upstream and 2 kb downstream of the first nucleotide of the first exon (to allow for

annotation errors of the start site and binding sites in the 5 UTR); and 2) the entire

gene-to-gene genome territory relative to the nearest exon of a gene. We scanned

these regions with motifs from the TRANSFAC database (Matys et al., 2006) that

correspond to transcription factors that were differentially expressed across song nu-

clei at baseline or during song production (119 motifs), additional motifs with known

neural activity-regulating functions (19 motifs), and motifs from the entire high qual-

ity JASPAR database (104 motifs) (Bryne et al., 2008). After merging redundant

motifs whose genomic target sets overlapped by ą 80%, the final search set contained

230 different transcription factor binding site motifs, but some that bind to with same

or different variants of a transcription factor. These motifs were tested for enrichment

in the genes that represent baseline clusters of transcripts (Fig. 4.3), the core set of

singing regulated transcripts (Supplemental Table S4.5), region-enriched singing reg-

ulated transcripts represented in the Venn Diagram (Fig. 4.5A), and the temporal

clusters of singing regulated transcripts (Fig. 4.6A-D). We used four measures to

test for statistical enrichment: a hypergeometric test p-value and the correspond-

ing q-value (to correct for multiple hypothesis testing), a sampling-based p-value

and a locus length aware hypergeometric test (LLHT) p-value (see methods). The

latter two measures were used in order to account for heterogeneity in gene terri-

tory lengths, which violates the assumptions of the standard hypergeometric test.

We only accepted a binding site motif association with transcripts in an expression

cluster if all three p-values were ď 0.02 and the hypergeometric test q-value was
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ď 0.2.

With the above criteria, we found 66 significant binding motif associations present

in the baseline clusters (Supplemental Table S1.5A), 177 in the core and region-

enriched singing regulated clusters (Supplemental Table S5.1B), and 169 in the tem-

poral singing regulated clusters (Supplemental Table S5.1C). Examples of putative

binding motifs in subsets of genes are shown in Fig. 5.1 A-D. Consistent with known

biology from cell culture experiments (Flavell and Greenberg, 2008) (Lyons and West,

2011), binding sites for 5 early-activated transcription factors (EATFs) known to

be constitutively expressed and post-translationally activated (i.e. phosphorylated)

immediately in response to neural activity (MEF2, SRF, NFKB, and CREB) were

significantly over-represented in subsets of genes of the IEG temporal cluster (Fig. 5.2

A, thick black curved arrow). These EATFs made up 63% (5 out of 8) of the high

confidence motif associations in the IEG cluster (Supplemental Table S1.5C). All

5 were found by STUBB and 4 (except SRF) by SWAN, in both local promoter

and global territory searches, indicating that these are strong cluster associations

(Supplemental Table S5.1C). The 3 remaining high confidence binding motif families

in the IEG cluster were: 1) MZF1/ZNF42, a zinc finger transcription factor (Sup-

plemental Table S5.1C), which suggests that it might be a previously undiscovered

EATF; 2) Different versions of EGR1, where we note that EGR1 can bind to its own

promoter and down-regulate itself (Cao et al., 1993), which could help explain the

transient increase and subsequent decrease of some transcripts in the IEG temporal

cluster; and 3) The estrogen receptor (ER).

We wondered about the genomic location of the motifs, as our approach searches

for motif gene cluster associations over large genome regions (promoter or entire

gene territory), whereas transcription factor motor are usually within a 5 regulatory

region of genes. Despite the broad search, the CREB and EGR1, transcription

factor binding motifs, which were shown to be enriched directly upstream of the
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Figure 5.1: Transcription factor motif binding site analyses. (A-B) Sequence
alignments of two different variants of the MEF2 binding motif (V MEF2 03 and
V MEF2 Q6 01) in the promoter regions of two partially overlapping subsets of 10
genes each from the IEG temporal cluster (tan) cluster. Top logo, consensus from the
TRANSFAC database; bottom logo, consensus of the genes shown. (C-D) Sequence
alignments of two other variants of the MEF2 binding motif (V AMEF2 Q6 and
V HMEF2 Q6) in the promoter regions from the Area X and RA region enriched
singing regulated cluster. (E) Percentage of motifs at particular windows of locations
relative to its nearby singing regulated gene in the core promoter. (F) Percentage of
motifs in location window of entire gene territory (see methods).
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transcription start site of IEGs in mammalian genomes (Pfenning et al., 2007), were

also enriched directly upstream of transcription start in genes from the IEG singing

temporal cluster of the zebra finch genome, whether we searched the local promoter

or the entire gene territory (Fig. 5.1E, F). A previous genome scan of the AP-1

transcription factor binding motif (bound by a FOS-JUN dimer) in mammals did not

reveal a strong location preference (Pfenning et al., 2007), and we found enrichment

of the AP-1 site in our IEG cluster within the 5 region of the first exon of those genes

but without a strong location preference (Fig. 5.1E, F). These findings suggest that

our approach identifies strong statistical associations that are consistent with known

biology.

Given this consistency, we asked if there were novel relationships. Partly con-

sistent with the hypothesis, we initially set out to test for relationships between

baseline and singing regulated region-enriched genes, we found three such cases: ER

and surprisingly two EATF genes, SRF and MEF2. The ER receptor is expressed at

high levels in HVC and in no other song nuclei (Gahr et al., 1993), and we found en-

richment of binding sites for the ER receptor in a subset of genes only from the HVC

region-enriched singing regulated cluster (Fig. 5.2E; Supplementary Table S5.1B).

Similarly, expression of an SRF cofactor, ELK4 (Buchwalter et al., 2004), was higher

at baseline in Area X (Supplementary Table S5.1A), and in turn its binding motifs

were over-represented in promoters of region-enriched Area X singing regulated genes

(Fig. 5.1A; turquoise cluster). In an inverse relationship, three MEF2 gene variants

(MEF2A, MEF2C, and MEF2D) were detected higher expression in the nidopallial

song nuclei HVC and LMAN at baseline (Fig. 4.3, yellow cluster), and different bind-

ing MEF2 motif variants were over-represented in singing regulated region-enriched

transcripts in the non-nidopallium song nuclei (Area X and RA; Fig. 5.2A; Supple-

mentary Table S5.1B). These genes had no consistent temporal pattern. This inverse

relationship may nonetheless be consistent with the knowledge that different MEF2
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variants can either activate or suppress transcription of their target genes (Lemercier

et al., 2000), however, we can only speculate on the mechanisms.

We also found relationships between the singing regulated region-enriched cluster

and the baseline clusters. SRF and MEF2 motifs were also enriched in the promoter

regions of baseline region-enriched genes of the same song nuclei there were over

expressed in (Fig. 5.2A, starred baseline clusters). Several of the same SRF targets

genes were found in a baseline cluster and the corresponding region-enriched clus-

ter. Binding motifs for another EATF, CREB, as well as motifs for an IEG (FOS,

through the AP-1 binding motif) were also enriched in the promoters of subsets

of region-enriched singing regulated genes, although this did not correspond to any

baseline region-enrichment (Fig. 5.2A, arrows to song nuclei Venn diagram). Mo-

tifs for CREB and FOS were also found to be enriched in specific slower and later

increasing temporal clusters along with NFKB and and MZF1 (Fig. 5.2B). These

results suggest that multiple factors could be mediating singing regulated expression

that is region-enriched, including ER, EATFs, the IEG transcription factors, and

potentially other players.

The implication that EATFs could mediate the expression of two distinct groups

of transcripts in response to behavior, an IEG temporal cluster that peaks within 30

minutes of singing, and regionally specific groups of transcripts, many of which peak

later, was unexpected. Given that that there were multiple variants of binding mo-

tifs for EATFs, we considered whether there was a relationship among variants that

could help explain increased activity regulated gene expression diversity. In support

of this hypothesis, we found that the IEG temporal cluster had over-representation

of 5 different MEF2 variants of the site (V MEF2 02, V MEF2 03, V MEF2 04,

V MEF2 Q6 01, V MMEF2 Q6), whereas different region-enriched regulated clus-

ters had 3 other variants (V AMEF2 Q6, V HMEF2 Q6, V MEF2 01; Supplemental

Table S5.1A, B). The MEF2 sites in the IEG temporal cluster had the consensus
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Figure 5.2: Summary of promoter binding motif relationships with baseline and
singing regulated genes. (A) Relationships between enriched EATFs (middle green
box, hexagonal nodes) and their binding motifs in transcripts of genes differentially
expressed at baseline (top grey box - circular nodes, in the IEG temporal cluster,
and region-enriched singing regulated clusters. Edges with a star represent cases
where the expression of the transcription factor has the same region specificity as
genes with the binding motif for that transcription factor. Bold highlighted nodes
show the transcription factors over-represented in the core set of transcripts. (B) A
similar analyses as in (A), except that relationships are shown for binding motifs of
EATFs and IEG in subsets of genes from the temporal singing regulated clustering
of transcripts.
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TAAAAATAG (Fig. 5.1A, B), whereas the region-specific MEF2 sites binding had

the consensus TAAAAATAACCC (Fig. 5.1C, D). These different versions of the

MEF2 binding motif could reflect binding to different MEF2 isoforms (MEF2A-D)

or different cofactors of MEF2. Surprisingly, no region-enriched baseline transcrip-

tion factors outside of ER and the EATF group could be linked to binding motifs

in singing regulated clusters of transcripts, despite having scanned the entire zebra

finch genome surrounding these gene territories with hundreds of specific transcrip-

tion motifs sequences.

5.2.2 Identify sequence specificity of CARF

The scan of the zebra finch genome for known transcription factor binding sites

was able to confirm the role of known EATFs and IEG transcription factors in

mediating activity-dependent gene expression. Using the same methodology, we

sought to characterize the role and potential binding targets of the less characterized

transcription factor, CARF. The transcription factor binding site scan requires a

model of CARF sequence-specificity. To determine the sequence that CARF binds

to, we wanted to build a motif model by an alignment of endogenous sequences that

CARF binds to. Due to difficulties in creating a zebra finch CARF antibody and

limitations in creating zebra finch transgenic animals, the genomic targets of CARF

were determined in mouse, as opposed to zebra finch. To identify CARF binding

sites genome-wide, we performed chromatin immunoprecipitation (ChIP) with an

anti-CARF antiserum from cultured CARF WT postnatal mouse cortical neurons

followed by sequencing of the coimmunoprecipitated genomic DNA fragments (ChIP-

Seq). Mapping these fragments to the reference genome gives a profile of the DNA

regions that are enriched in the pulldown, however the challenge is to determine which

of the enriched regions (peaks) are statistically significant at a given threshold and

which correspond to the genomic background. Thus a peak is defined as region that
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Figure 5.3: The ChIP peaks from Supplemental Table S5.2 were viewed in the
UCSC genome browser (http://genome.ucsc.org) and the distance from the center
of each peak to the nearest annotated transcription start site (TSS) was calculated.
For the 60 peaks within 1kB of a TSS we tallied the number within each 100bp. The
arrow shows the position of the TSS.

contains significantly more reads from an experimental pulldown than from a negative

control. In this case, for our negative control we performed ChIP with the same anti-

CARF antiserum from neuronal cultures made from CARF KO mice, which are null

for CARF protein. Independent libraries were constructed from the genomic DNA

coimmunoprecipitated from the WT and KO cells, and genomic regions specifically

bound by CARF (CARF ChIP peaks) were identified using the statistical algorithm

described in detail in the Methods section.

176 CARF ChIP peaks ranging in size from 10-630bp were identified genome-

wide (Table S5.2). 128 of the 176 peaks (73%) are within 10kB of an annotated

gene, and 60/128 (47%) of these are within 1kB of the annotated transcriptional

start site (TSS). Graphing the position of each of these peaks relative to the TSS
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shows an enrichment in the 200bp just 5 to the TSS (Fig. 5.3). This positional

information demonstrates a highly significant enrichment of proximal gene promoters

in the CARF ChIP peaks relative to their overall representation in the genome,

raising the possibility that CARF may contribute to transcriptional regulation of

nearby genes.

To determine if the ChIP peaks contain a CARF binding motif, we extracted

the sequences of the 176 CARF ChIP peaks and subjected them to analysis using

the PRIORITY motif finder, which can be used to detect statistically significant

common short sequences within a set (Narlikar et al., 2007, 2006). 32 ChIP peaks

smaller than 20bp were eliminated from the analysis because they are too short to

be searched. This analysis found a common 10bp sequence motif in 138 of the 144

sequences examined (Supplemental Table S5.2). The motif extracted from this set

of sequences (chCaRE) has the sequence 5-RRARYGAGGC-3, (R=A/G, and Y=C

/T) (Fig. 5.4A). This sequence is strikingly similar to high affinity CaRE motifs

determined by other methods (Fig. 5.4B; Pfenning et al., 2010), strongly suggesting

that the ChIP peak regions contain high affinity binding sites for CARF.

By comparing these sequence requirements at each position across the camCaRE

(described in Pfenning et al., 2010) to the sequences of the individual chCaRE sites

identified in each of the ChIP peaks (Supplemental Table S5.2), we estimated the

likelihood that CARF would bind by EMSA (Electrophoretic Mobility Shift Assay,

(described in Pfenning et al., 2010)) to each individual chCaRE motif. Strikingly,

45% of the peaks (62/138) contain a chCaRE sequence that we predict would bind

with high affinity to CARF, while an additional 19.5% (27/138) have sequences

that we predict would bind with lower affinity. Only 35.5% of the chCaRE sequences

(49/138) have sequences that we predict would show no significant affinity for CARF

by EMSA. Whether CARF may bind to other sequence motifs in these ChIP peaks

or whether CARF may bind these variant chCaRE motifs in collaboration with a
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Figure 5.4: Description of CARF motif. (A) WebLogo
(http://weblogo.berkeley.edu/) representation of the 10bp motif discovered by
the PRIORITY motif finder in the ChIP peak sequences. The height of each
letter represents the enrichment of that base at each position. If all four bases
are equally represented, no base is shown at that position. (B) Alignment of the
cCaRE (determined by a binding site selection screen), mCaRE (mutant that does
not induce gene expression), chCaRE (determined by ChIP-seq), and camCaRE
(found in the Camk2n1 gene) sequences. The mCaRE, which fails to bind CARF,
differs from the CARF binding sequences at 5 positions, which are shown in gray.
Degenerate bases are as described above along with S=C/G.

binding partner remains unknown. Nonetheless, taken together these data provide

strong evidence to suggest that the ChIP peaks represent sites of high affinity CARF

binding to neuronal genomic DNA in vivo.

We next asked whether examination of the set of putative CARF target genes

could suggest potential functions for CARF in neurons. Statistical analysis of the

representation of Gene Ontology (GO) terms for the genes on this list was conducted

using GOstat ((http://gostat.wehi.edu.au) Beissbarth and Speed, 2004). This anal-

ysis revealed two statistically significant overrepresented GO categories (Table 5.1).

The first, proline translase activity, contained only two genes from the list of pu-

tative CARF targets and thus was not considered further. By contrast, there are

15 genes from the list of genes with CARF ChIP peaks that fall into the second

category, phosphorous metabolism. 13 of these gene products are kinases or phos-

phatases that are also included in a closely related GO category, post-translational
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Table 5.1: CARF ChIP-seq Gene Ontology.

GO Category Genes p value
Proline translase activity Eprs, Pars2 0.00956
Phosphorous betabolism Acp1, Atp5d, Atp6c0e,

Dyrk2, Epha3, Epha6,
Ikbke, Limk2, Map3k3,
Map4k4, Mark3, Prkar1a,
Ptpre, Ptprs, Srpk2

0.00956

Post-translational protein modification Chst8, Fbxl20, Park2, Pias4 0.058
Calcium signalling Cacng2, Caly, Camk2n1,

Camsap1l1, Camta1, Syt1
NA

protein modification. This category approached significance for overrepresentation

and contained 4 additional genes from the CARF ChIP list whose products regulate

protein ubiquitination, SUMOylation, and sulfonation. Finally, 6 of the putative

CARF target genes were not part of a defined GO category but caught our attention

for their involvement in calcium-dependent signaling events. These genes are inter-

esting in light of our previous observation that the transcriptional activity of CARF

can be modulated in a neuronal and calcium-selective manner (Tao et al., 1998),

because they suggest that CARF may act not only downstream, but also upstream

of calcium signaling in neurons. Taken together these data predict that CARF may

play an important role in regulating neuronal intracellular signaling pathways.

The chCaRE motif determined by ChIP-seq experiments was then fed into the

pipeline to determine over-represented binding sites in the set of temporal clusters.

We predicted that CARF binding sites would be found in the promoters of immediate

early genes based on the fast response of CARF to calcium influx (Tao et al., 1998).

As expected CARF, like CREB, MEF2, and SRF, was found to be over-represented

in the set of immediate early genes regulated in songbirds (Fig. 5.2). An analysis

of the the location of these putative CARF binding sites in zebra finch (Fig. 5.1)

showed a strong preference for the binding sites to be found near the TSS, matching

the location specificity identified by the mouse ChIP-seq experiment (Fig. 5.3). This
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72 D
ecreasing

Figure 5.5: Decrease of genes in response to CARF knockdown. The rows repre-
sent the 100 transcripts most changed by a decrease of CARF (p ă 0.0015, adjusted
p ă 0.475), sorted according to the t-statistic, which takes direction of regulation
in to account. Each column is an experiment labelled as control conditions or KCl
stimulated conditions and SCR (scrambled virus) or KD (CARF knockdown virus).
The cells of the heatmap are labelled as blue for a decrease in the knockdown and
red for an increase with the ”Color Key” giving the log fold change of the color
intensities. Each transcript is normalized to the control conditions and scrambled
control virus. The light blue line in the color tree shows a histogram of the various
expression changes.

evidence raises confidence that a large proportion of predicted binding sites identified

are functional. However, without a perturbation of CARF itself, it is difficult to

confirm its role as a regulator of immediate early genes.

5.2.3 Microarray analysis of CARF

A perturbation of CARF in the zebra finch would require the construction of a

knock-down virus capable of infecting a large proportion of neurons in the song nu-

108



clei. Although this technology is still in development in zebra finch, we were able to

take advantage of knockdown technology available for mouse in culture. Although

the targets of CARF are likely to vary in mouse versus finch and in vivo versus in

vitro, the strong conservation of immediate early genes across birds and mammals

suggests that many of the targets will be similar. To identify the genes that are af-

fected by decreasing CARF levels, a factorial microarray experiment was conducted.

Cultured neurons were infected with a scrambled control and a CARF RNAi virus

under standard conditions as well as being stimulated by KCl, to depolarize the

neurons. Although this stimulus is artificial, we have already shown a strong agree-

ment between the IEGs regulated by song production and IEGs regulated by KCl

in cultured mouse neurons (Supplemental Table S4.8). Three replicates from each

experimental group were collected and run on Affymetrix mouse MOE430 microar-

rays.

To analyze the arrays, a linear model was constructed comparing the scrambled

control virus to the CARF knockdown virus under both the control and depolarized

conditions (see Methods, Fig. 5.5). Using an adjusted p-value of 0.05 as a threshold,

no transcripts were determined to be significant. We believe this was due to the

low number of replicates and differences in the CARF knockdown efficiency across

samples. To test the noise level present across knockdown samples and to validate the

accuracy of the array, we ran a set Q-PCR experiments. These showed the variability

of CARF expression levels in the knockdown samples (Fig. 5.6). Nonetheless, we

observed a clear bias towards a decrease in gene expression (72 transcripts versus 28

transcripts), suggesting that CARF cab function as an activator. To validate that

some of the top candidates of the array were changing in response to the knockdown,

we performed Q-PCR on several of the genes predicted to decrease in the knockdown.

We confirmed many targets and verified the accuracy of the array. (Fig. 5.6).

Encouraged by the clear trend in the microarray data and the satisfactory verifi-
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Figure 5.6: Verification in the decrease of genes in response to CARF knockdown.
Potential regulated genes in the top 250 of the microarray based on signal to noise
ratio (Subramanian et al., 2005) were tested for expression level in scrambled control
versus CARF knockdown unstimulated neurons using Q-PCR (see Methods). The
GAPDH normalized log fold change is plotted with the standard error.

cation, an attempt was made to determine whether there were significant categories

of genes affected by the knockdown of CARF. To analyze the data at the level of

gene categories, we used gene set enrichment analysis (GSEA). This computational

technique uses rank based statistics and permutation tests to determine whether or

not a set of genes (in this case biological pathways and gene ontology categories) have

a bias in a ranked list of data (in this case genes changing in response to a decrease

in CARF) (Subramanian et al., 2005). Consistent with the observed bias of CARF

to increase gene expression, we only found gene sets associated with a decrease in

gene expression in the knock down (Table 5.2). These categories included two path-
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Table 5.2: Pathways affected by the CARF knockdown.
* Indicates pathway has important neural function

Pathway Name Score NOM p FDR q FWER pl Size
G13 Signaling Pathway 1.9 0.031 0.247 0.12 90

Krebs TCA Cycle 1.89 ă 0.001 0.135 0.13 49
G13 Signaling Pathway 1.86 0.015 0.12 0.13 68

St WNT Ca2 Cyclic GMP Pathway* 1.84 ă 0.001 0.109 0.14 45
Gaba Pathway* 1.81 ă 0.001 0.156 0.21 25

Brentani Cell Adhesion 1.78 0.038 0.195 0.22 187
Krebs TC Cycle 1.76 ă 0.001 0.192 0.23 48

Table 5.3: Gene ontology categories affected by the CARF knockdown.

Category p-value size
Calcium ion binding 1.09E-7 26

Nucleosome 0.001 7

ways particularly relevant to neural function. One pathway contains genes related

to calcium signaling (Fig. 5.7A) and the other genes related to the inhibitory neu-

rotransmitter GABA (Fig. 5.7B). To confirm these results, we used a gene ontology

interface (Beissbarth and Speed, 2004) to find categories of genes over-represented

in the same top 250 genes of the ranked list generated by GSEA. The analysis con-

firmed, and even strengthened, strong affect that CARF knockdown has on calcium

signaling (Table 5.3).

To test the hypothesis (gleaned from the transcription factor binding site scan)

that CARF mediates singing regulated gene expression, we required a more thorough

analysis of the microarray data. This is because CARF is activated by calcium (Tao

et al., 1998), and its targets could only be affected in the knockdown experiments

conducted in the KCl stimulated conditions. Therefore, we performed additional

contrasts with the linear model, where the transcripts affected by CARF knock-
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A B St WNT Ca2 Cyclic GMP Pathway GABA Pathway 

Figure 5.7: Neural pathways affected by CARF knockdown. Shown here are two
biological pathways, (A) The ”St WNT Ca2 Cyclic GMP Pathway” and (B) The
”Gaba Pathway”, that GSEA (Subramanian et al., 2005) determined be enriched in
genes decreased in the CARF knockdown (see Methods). Each blue line represents
a pathway gene that in the ranking of all microarray genes (left-decreasing in KD,
right-increasing in KD). Each blue line increases the enrichment score (red line)
above. A bias towards increase or decrease can be found based on the maximum
value of the red/blue line. The strength of the increase or decrease of each gene at
a particular ranking is shown in gray below.

down were calculated independently in the presence and absence of KCl stimulus.

We found that the targets of CARF in the zebra finch transcription factor binding

site scan had a preference to decrease in the CARF knockdown of mouse, which is

stronger in the depolarized condition (p=0.038) than the non-depolarized condition.

This supports CARF’s role as a calcium-dependent activator of IEG expression. Us-

ing the same mouse microarray study, we were also able to infer a broader role for

CARF in mediating activity regulated gene expression. Another set of contrasts on

the mouse microarray data were performed, where activity regulated gene expres-

sion was measured in both the presence and absence of CARF. Using the singing

regulated gene expression in the zebra finch as a reference, we found less of a trend
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Table 5.4: More singing regulated genes respond to KCl in the absence of CARF.
The different sets of singing regulated gene expression are compared to activity reg-
ulated mouse gene expression in CARF knockdown (KD) versus scrambled control
(SCR). This response is broken down into increasing and decreasing temporal profiles
(Fig. 4.6).

Temporal Cluster SCR KD Direction
reg 0.051 1.789E-05 Increasing
blue 0.018 0.011 Increasing
cyan 0.132 0.004 Increasing

turquoise 0.097 0.048 Increasing
salmon 0.432 0.223 Increasing
black 0.002 0.017 Increasing
green 0.016 0.005 Increasing

magenta 0.010 0.001 Increasing
tan 0.004 1.989E-05 Increasing

lightcyan 0.070 0.081 Increasing
lightyellow 0.034 0.342 Increasing

grey60 0.950 0.477 Decreasing
brown 0.678 0.779 Decreasing
yellow 0.102 0.032 Decreasing

red 0.060 0.184 Decreasing
pink 0.358 0.237 Decreasing

greenyellow 0.547 0.477 Decreasing
lightgreen 0.377 0.422 Decreasing

midnightblue 0.088 0.375 Decreasing
purple 0.961 0.707 Decreasing

royalblue 0.404 0.240 Decreasing

for singing regulated genes to be induced by KCl in the presence of normal CARF

(p=0.05) levels than the knockdown (p=1.8E-5) (Table 5.4). This trend overwhelm-

ingly favored increasing clusters, particularly the transient “magenta” cluster and

the transient “tan” cluster that is over-represented for predicted CARF transcrip-

tion factor binding sites in finch. (Table 5.4).

113



5.3 Discussion

Our scan for the binding sites of all transcription factors in the TRANSFAC (Matys

et al., 2006) and JASPAR (Bryne et al., 2008) databases that were also measured in

the array provided us with a broad view of how a transcription factors were associ-

ated groups of regulated genes defined by region-enrichment and temporal pattern.

We confirmed sensitivity of the transcription factor binding site scan by predict-

ing the EATFs as regulators of the IEG expression. Somewhat unexpectedly, these

same transcription factors were identified as mediating components of gene expres-

sion that were enriched in a subset of regions and/or slower temporally. A variety of

mechanisms may be responsible for diversity of gene expressed across regions. One

mechanism suggested by the data is differential expression of the transcription factor

or a cofactor of the transcription factor at baseline. In the case of MEF2, these dif-

ferences may even be mediated by subtle differences in transcription factor binding.

Recent evidence suggests that different variants of MEF2 have different transcrip-

tional activity in different tissues (Lyons et al, unpublished), which may yield an

explanation of why a difference in MEF2A at baseline might be linked to a different

targets of MEF2 being regulated in different tissues. Verifying these relationships

and untangling the mechanisms of transcriptional regulation in zebra finch is difficult

with the current technology.

Conversely, robust and extensive in vivo activity dependent gene expression

driven by a natural behavior is difficult in a mouse model. Therefor, we sought

to use the mouse system to verify the role for CARF as a regulator of IEG expres-

sion. By pairing these two systems, we were able to grow upon our knowledge of

the transcription factor CARF. The decrease of zebra finch predicted CARF targets

in the mouse provides greater confidence that the transcription factor binding site

scan was able to find relevant, functional, targets of CARF. The validation of the
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array for an individual factor also increases our confidence that other identified tran-

scription factor/target relationships are likely to be true. However, the analysis of

transcription factor binding site over-representation as well as the analysis of CARF

targets is likely to suffer from a high false positive rate. Statistical significance of

the relationship is identified over groups of genes, not individual genes. Also, the

algorithms do not specify a single location likely to be bound, but an entire region

(Sinha et al., 2006). Additional work needs to be done to transform to identify the

specific regulatory sequences bound by CARF.

There are now multiple pieces of evidence from zebra finch and mouse that CARF

could function to maintain homeostasis in the neurons in response to neural activ-

ity. Throughout the time-course experiment, the zebra finch is producing learned

vocalizations. Despite the constant behavioral stimulus, the transcriptional response

after a half hour looks very different from the transcriptional response after three

hours. In particular, the IEG expression, including FOS and EGR1, is much less

intense (Fig. 4.6). It is likely that either the firing rate of the neurons involved has

decreased or the same amount of neural activity somehow produces a muted gene

expression response. In either case, a homeostatic mechanism would be involved

(Turrigiano, 2008). Evidence from previous studies implicates CARF as part of a

homeostatic mechanism. CARF, a calcium dependent activator (Tao et al., 1998),

decreases in response to neural activity (Kim et al., 2010b), which has the potential

to temper the calcium-dependent response over time. In our microarray analysis,

the positive relationship between CARF and the inhibitory GABA neurotransmitter

receptor could lead to an activity-dependent decrease in neural activity. The gene

ontology analysis identified a large number of calcium ion binding genes as having a

positive relationship to CARF. These could potentially buffer some of the calcium

influx as song production continues. Finally, the most compelling evidence of CARF

as a homeostatic model comes from the comparison of the mouse microarray data to
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the singing regulated genes. The singing regulated genes show more of a response to

KCl in mouse culture when CARF is knocked down. Without the singing regulated

gene expression as a reference, it would be difficult to determine to role of CARF in

mediating the activity-dependent response.

5.4 Methods

5.4.1 Cis-regulatory analysis

We scanned the promoter and gene territory regions with a set of transcription factor

binding sites from the TRANSFAC database (Matys et al., 2006), with differential

expression at baseline (93 motifs) and during singing (63 motifs) for which motif

information was available (119 transfac motifs total, some overlapping). These were

found by performing a manual search of the TRANSFAC database (2008) for every

differentially expressed gene at baseline and in response to singing, labeled as a tran-

scription factor by the gene ontology database. We also used the entire high quality

JASPAR database (104 motifs) (Bryne et al., 2008) to scan the genome. Additional

transcription factor binding sites that have known neural activity-dependent func-

tions, but didnt match the other criteria were included (19 motifs). After merging

redundant motifs, whose genomic targets (by SWAN and STUBB methods) over-

lapped by ą 80%, this resulted in a total of 231 transcription factor binding motifs

(Supplemental Table S5.1). The cis-regulatory motif analysis of the genome sequence

was performed on transcripts from five sets of clusters analyses: 1) all baseline clus-

ters (Fig. 4.3); 2) the core set of 97 singing regulated transcripts (Supplemental Table

S4.5); 3) each section of the Venn diagram for differential singing regulated expres-

sion among song nuclei (Fig. 4.5A, B); 4) the more strict group of region enriched

transcripts (Fig. GRE 5D); and 5) the temporal patterns of singing regulated tran-

scripts (Fig. 4.6A-D). The more strict set of region-enriched (Fig. 4.5D) transcripts

yielded similar results to less restrictive set found in the Venn diagram (Fig. 4.5A),
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but the Venn diagram region enriched set was chosen to complement the other sec-

tions of the Venn diagram. The enrichment of the motifs in the above clusters was

determined relative to the background of all 9,060 ENSEMBL IDs that matched

the 18,478 transcripts from the total of the 24,498 transcripts detected in the song

nuclei. Before enrichment analysis, the transcripts of these clusters were translated

to their corresponding ENSEMBL gene ID based on our annotation (Supplemental

Table S2.1).

For each motif, the genome was scanned in 500 bp windows (shifts of 250 bp).

Each window was given a HMM-based score for motif clustering using one of two

methods, STUBB or SWAN (Sinha et al., 2008, 2006; Kim et al., 2010a). The top

1% high scoring windows in the genome were considered as motif target windows.

These target windows were then assigned to genes (called the motifs target genes) by

two different methods: (a) local 5up2down promoter, where the window lies within

5 Kb upstream or 2 Kb downstream of the annotated start site of a gene model;

and (b) territory, where the window lies in the broader territory of a gene. This

broad gene territory was defined as the union of the following segments: (i) the

entire gene, (ii) the region upstream of the gene until half the distance to the next

non-overlapping gene, (iii) the region downstream of the gene until half the distance

to the next non-overlapping gene; and (iv) whenever the gene was within 5kb or less

of each other, we ensured that we took the 5 Kb upstream region. We traversed the

list of target windows sorted by score, assigning windows to their respective genes

until 500 distinct genes had been designated as the motifs target genes.

There are four ways to define a motifs target gene set: two options for window

scoring methods (STUBB and SWAN), and two options for assigning target windows

to genes (promoter and territory). For each combination of methods, the motifs

target set was tested for enrichment in the gene set defined by an expression cluster,

using a hypergeometric test. Thus, for each cluster and each of the 4 motif gene
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set definitions, 231 statistical tests (motifs from JASPAR and TRANSFAC) were

performed for associations with motifs, and equally many p-values were obtained.

These 231 p-values were then assigned q-values (Storey and Tibshirani, 2003) using

the R package, to correct for multiple hypotheses testing.

The hypergeometric test assumes that all genes in the universe are equally likely

to be motif targets. This assumption is certainly violated when using the territory

method because a gene with a larger territory has a greater chance of being a motif

target. One way we avoided making this assumption was by computing a sampling-

based p-value for each cluster-motif pair. We sampled a random set of 500 genes

by using our procedure on a random ranking of genomic windows, and recorded its

overlap with the expression group being tested. We repeated this process 1000 times

and reported the percentage of times the overlap with random gene sets was greater

than the overlap with the actual motif target set as our sampling-based p-value. As

an alternative method to test for motif-gene set associations while accounting for

territory length heterogeneity, we computed the locus length aware Hypergeometric

test (LLHT) p-value (described in Kazemian et al., 2011). We then determined the

appropriate p-value and q-value thresholds based on the enrichment of true positives

binding sites, CREB and SRF, in the IEG (tan) temporal cluster. For an association

to be considered significant, a hypergeometric test p-value, sampling-based p-value,

and LLHT p-value of at most 0.02 was required, along with a hypergeometric test

q-value of at most 0.2. As described in the results, we were able to selectively identify

many activated transcription factors that we expected to find enriched in the tan clus-

ter. These results relative to a preliminary Area X study (Warren et al., 2010) where

only CREB was found in an IEG temporal cluster, highlights our improvements for

identifying regulated transcripts and predicting transcription factor binding motifs.

To identify specific binding site locations for identified motif target genes of a clus-

ter, we used PATSER (http://rsat.ulb.ac.be/patser form.cgi). This program scans
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a given DNA sequence with a position weight matrix (motif), reporting sites whose

log-likelihood ratio score meets a certain threshold.

5.4.2 Identification of CARF binding site sequence

CARF exon 8 KO mice were generated by homologous recombination (McDowell

et al., 2010). All animal procedures were approved by the Duke University Institu-

tional Animal Care and Use Committee. Veterinary care was provided by the staff

of the Duke University Department of Laboratory Animal Research, an AAALAC

accredited facility. Animals were euthanized following procedures that are in ac-

cordance with the recommendations of the Panel on Euthanasia of the American

Veterinary Medical Association.

For bacterial synthesis of the CARF protein, full-length mouse CARF was sub-

cloned in the bacterial expression vector pThioHisA (Invitrogen, Gaithersburg, MD)

at the EcoRI and XbaI sites. The construct was transformed into Top10 E. coli and

expression of CARF was induced for 3 hours with 0.1mM IPTG. Bacteria were lysed

by sonication and CARF was purified over a ProBond nickel resin column. After

washing to remove unbound protein, binding was competed with 50mM imidazole

to remove nonspecific proteins and then CARF was eluted with 250mM imidazole.

Fractions containing CARF as determined by Western analysis were pooled and con-

centrated to a final concentration of 100ng/uL.

Chromatin Immunoprecipitation (ChIP) was performed as described (Flavell

et al., 2008). For CARF ChIP-Seq, separate cultures of cortical neurons from new-

born CARF +/+ (WT) or CARF-/- (KO) pups were plated at a density of 10 million

cells/10cm dish. 50 million neurons of each genotype were used for ChIP. Because

the CARF mice are on a mixed C57BL6/129SvJ background, WT and KO siblings

were crossed (WTxWT and KOxKO) to generate the pups for this experiment in

order to minimize genetic background variations. At 4DIV, cultured neurons were
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treated overnight with tetrodotoxin (TTX, 1µ M; Calbiochem, La Jolla, CA), then

on DIV5 protein-DNA complexes were processed for ChIP. 4µ L purified anti-CARF

antibody (#4510) (McDowell et al., 2010) was added to each lysate (WT and KO)

and incubated overnight with rotation at 40C. For ChIP on the CARF promoter,

striatum was dissected from brains of CARF WT or KO mice and snap frozen in liq-

uid nitrogen. 3-5 independent samples were pooled, homogenized, and processed for

ChIP as above. Immunoprecipitations were performed at 40 C overnight with 5-10µg

of each specific antibody and assayed by real-time PCR using SYBR green detec-

tion. Antibodies used in this study include purified normal mouse polyclonal IgG

(Millipore, Billerica, CA cat. #12-371) and anti-RNA polymerase II, clone CTD4H8

which recognizes the largest subunit of RNA polymerase II (Millipore, cat. #05-623).

For input samples, 25µl (6-7% of the amount used for IP with specific antibody) was

added to 75µl of elution buffer, NaCl was added to 200mM final concentration, and

samples were reverse crosslinked at 650C overnight. All ChIP pulldowns are displayed

as % of input for each sample (WT or KO). Data presented are the result of two

independent experiments, and statistical significance was evaluated by a Students

two-tailed unpaired t-test.

ChIP library construction and sequencing - DNA fragments coimmunoprecipi-

tated with CARF were repaired using the End-It DNA End Repair Kit (Epicentre

Biotechnologies, Madison, WI), purified using the MinElute Reaction Cleanup Kit

(Qiagen, Valencia, CA) and eluted in 20µl EB buffer. The resulting DNA fragments

were ligated to adaptors for the SOLiD sequencer (Life Technologies, Carlsbad, CA)

for 20 minutes at RT using the Quick Ligase Kit (NEB), followed by purification us-

ing the MinElute Reaction Cleanup Kit. Sequences of adaptor and barcodes can be

found at (http://www.appliedbiosystems.com). The purified adaptor-ligated ChIP

DNA fragments were subject to 6% native-PAGE for In-Gel PCR reaction. A gel

slice containing 175 200bp adaptor-ligated ChIP DNA fragments was cut and shred-
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ded. Then to add bar codes, PCR Platinum Supermix (100 200µL, Invitrogen),

50pmol of PCR primers containing bar codes, 0.5µl Taq DNA polymerase (NEB),

and 0.15µl Pfu Turbo DNA polymerase (Stratagene) were added into the shredded

gel slice. The adaptor-ligated ChIP DNA fragments were amplified by 15 cycles of

In-Gel PCR reactions. After the PCR reaction, gel pieces were filtered out by 0.45µm

filter spin column and the amplified ChIP-Seq library was purified by MinElute PCR

purification kit (Qiagen). The library was purified by one more round of 6% PAGE.

A gel slice containing 200 250bp PCR products was cut and shredded, and the am-

plified library was extracted out of the gel by passive elution in elution buffer (1.5M

ammonium acetate in 1X TE). Gel pieces were filtered out by filter spin column and

both ChIP-Seq libraries were purified by Qiaquick PCR purification kit (Qiagen).

Samples were affixed to a slide and sequenced on a SOLiD sequencer version 2. Af-

ter filtering with 3bp mismatches allowed in 35bp reads, just over 5 million uniquely

mapped reads (about 40% of total reads) were obtained for each library (WT and

KO). The resulting sequences were formatted for alignment in the UCSC genome

browser.

To determine CARF-specific binding sites, we developed an algorithm to identify

the sequences specifically enriched in the ChIP samples from CARF WT neurons

relative to the negative control ChIP samples from CARF KO neurons. First we

determined the false detection ratio by using a sliding window with a width of 240bp

for every 10bp in the mouse genome. Repetitive regions are excluded from our anal-

ysis since it is impossible to assign 35bp reads uniquely to such regions (Robertson

et al., 2008; Rozowsky et al., 2009). For each window, we calculated the statistic

D “ R´N where R is the number of reads in the WT sample, and N is the number

of reads from the negative control KO sample. By considering the marginal distri-

butions of R and N, we note that they both can be well approximated by a Poisson

distribution with parameters λR and λN , respectively. It follows that D is a Skellam
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distribution (Skellam, 1946).

PrpD “ dq „ Skepd;λR, λNq “ expp´pλR ` λNqqpλR{λNq
d{2Idp2

a

λRλNqqq (5.1)

where Id is the modified Bessel function of the first kind of order d. The construc-

tion of the null distribution from eqn 5.1 takes unequal numbers of reads in the two

samples into account by shifting the mode of the distribution. To determine the num-

ber of reads required for a 240bp window to be significant, we use the local false de-

tection rate (locFDR) framework (Efron, 2008). Using this methodology, we assume

that the density of D, f(D), can be written as the mixture fpDq “ p0f0pDq`p1f1pDq,

where f0 is the null density, f1 is the density of windows corresponding to true peaks

and p0 ` p1 “ 1 with p0 ě 0.9. The locFDR, fdr(d) is related to the more familiar

FDR (Benjamini, 1995) through

FDRpdq “ ErlocFDRpdq|Dds (5.2)

where E is the expectation with respect to the mixture density f. For a fixed

threshold fp “ 0.01 and empirically estimated λR and λN “ 0.21607, we find that

the critical difference is d0 “ 6 fragments. Inserting the empirical distribution and

the Skellam null distribution from eqn 5.1, we find that the FDR is 1x10´7.

Regions of the genome determined to be specifically bound by CARF were down-

loaded using the GALAXY (Giardine et al., 2005) platform based on genome coor-

dinates. Due to noise in the exact positioning of the sequence, when significantly

bound sequences were found to be within 100bp of each other, the coordinates were

expanded to produce one larger region. In addition, very short identified regions

(ď 20bp) were discarded from the analysis because these are too short to meaning-

fully search for 10-15bp motifs. The remaining 144 sequences had a mean length of

112bp, a median of 100bp, and standard deviation of 79bp. These sequences were
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fed into the PRIORITY motif finder, which uses a Gibbs sampling strategy (Narlikar

et al., 2007, 2006). A uniform prior was used to search across CARF bound regions

on the positive and negative strand. The default parameters of 20 trials and 10,000

iterations per trial were used. A third order background model was used, although

the results were robust to the use of both first and second order. Varying motif

lengths were attempted to identify the correct consensus length. At motif lengths

lower than 10bp, only a part of each motif resembled the CARF consensus site. At

motif lengths larger than 10bp, the information content was low at peripheral base

pairs. Consistently, a significant motif was identified with score 131. As a control,

a motif discovery was performed on the same number of sequences with the same

length, but from nearby genomic regions. The maximum score of an identified motif

in this data set over many trials was only 15, suggesting that the motif discovered

in the CARF ChIP-Seq data is highly significant.

5.4.3 CARF knockdown microarray

Cortical neurons were dissociated from brains of embryonic day 16 (E16) pups

(Charles River Laboratories, Raleigh, NC) and cultured in Neurobasal medium plus

B27 supplements. 5µm AraC was added on day in vitro (DIV) 1 to block glial prolif-

eration. Also added on DIV1 was a scrambled control lentivirus or CARF lentiviral

RNA. Infection percentage ą 80% as judged by GFP expression from lentiviral vec-

tor. On DIV6, neurons were treated overnight with 1µm TTX. The next day neurons

were left untreated or they were membrane depolarized for 3.5 hours with 55mM ex-

tracellular KCl. For microarray experiments, total RNA was purified using RNeasy

mini kits (Qiagen) and biotin-labeled cRNA was generated following Affymetrix stan-

dard protocols. Ten micrograms of the labeled cRNA was hybridized to Affymetrix

mouse MOE430 arrays.

All raw CEL from files obtained from the Affymetrix Mouse Genome 430 2.0
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array were processed and normalized on a log scale using RMA Express (Irizarry,

2003). They were then altered by hand to conform to the .gct matrix format with

18 different experiments as columns and 45,101 probes as rows. The microarray

data was split into two groups. The control group contained scrambled RNAi in

depolarized (3 samples) and non-depolarized (3 samples) cortical neuron. Another

group, representing a decrease in CARF, contained depolarized (3 samples) and

non-depolarized (3 samples) cultured cortical neurons infected with a CARF RNAi

virus. Although there are significant differences between the depolarized and non-

depolarized system, we believe a high quality subset of the gene sets strongly affected

by CARF could be found by pooling these different types of data.

Gene Set Enrichment Analysis (GSEA) was used to analyze the CaRF knockdown

mouse microarray data with respect to entire annotated sets of genes that represent

biologically relevant clusters (Subramanian et al., 2005). One group of gene sets

represents known biological pathways compiled by various online databases. A second

group of gene sets was compiled based on having a particular sequence motif, most

likely representing a transcription factor binding site, in the promoter. The default,

a signal to noise metric defined as the difference of the means divided by the sum

of the standard deviations of the two different groups (CARF control and CARF

RNAi) (Subramanian et al., 2005), was used by GSEA to rank the genes based on

differing expression values between the control and CARF disrupted group. Using

other metrics, including t-statistic, available in the program yielded similar results.

Interesting individual genes were taken to be the ones in that ranked in the top 250

in terms of signal to noise metric. To calculate the significance of a gene set, such as

a pathway or motif, GSEA uses random walk statistics on the ranked list of genes

(Subramanian, Tamayo et al. 2005). In addition to the GSEA analysis, we used gene

ontology analysis to look for overrepresented functions was performed using GOstat

(Beissbarth and Speed, 2004) on the top 250 and then the bottom 250 genes in this
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ranking versus the set of entire genes that were ranked in the program. This set is

limited to genes that have a corresponding probe on the MOE430 2 microarray chip

and also excludes probes in the microarray dataset that do not have a corresponding

gene. In total 14,723 genes were available for this search.

To analyze the microarray data for the creation of the heatmap (Fig. 5.4A), get a

ranked list of CARF knockdown versus scrambled control, and ranked list of stimu-

lated versus unstimulated cultured neurons, a linear model model was created, where

the gene expression Y was explained by:

Y “ AKCLIKCL ` ANIN ` ASCRISCR ` AKDIKD

where I are indicator variables where IKCL “ 1 when the neurons were stimulated

IN “ 1 when the neurons were unstimulaed, ISCR “ 1 when the neurons were

infected with a scrambed control and IKD “ 1 in the CARF knockdown samples.

Acondition are the estimated coefficients of these variables. To create the heatmap, the

contrast is performed on the ASCR´AKD. The ranked set of activity regulated gene

expression are created by subsetting the data to include only SCR or KD samples

and then performing the contrast AKCL´AN . After the ranked lists were generated,

a Wilcox rank sum test (Wolfe and Hollander, 1973) was used to compare the ranks

of transcripts that belong to certain group of singing regulated genes (Fig. 4.6)

versus transcripts that do not. The significance of these values was confirmed by

an alternative method (Michaud et al., 2008).

For quantitative PCR evaluation of CARF target gene expression, the same tissue

samples were used from the microarray data as described above. RNA was used for

cDNA synthesis and quantitative SYBR green PCR (ABI, Foster City, CA). Gapdh

mRNA levels were used as a normalizing control. The PCR primers used are listed

in Table 5.5.

125



Table 5.5: Primers used for CARF microarray validation.

Gene Forward Primer Reverse Primer
Gabra1 CCCAATGCACTTGGAAGACT AAACGTGACCCATCTTCTGC
Kcnip2 TCAGTGATTCTTCGGGGAAC GGCAGGGTAGGTGTACTTGC
Trpc1 ATGGATTTGCTCGCATACCT GTGCTCTGCATCTTCTGTCG
Efcbp1 CAGAAGCTCTCAAACGAATCTC CATGGTAGATGTGAGCTCTGGA
Tram1 GAGCGGAGAATCAGAAGCTG CAGAATGTTCCCTCCACCTC

Agtpbp1 ATTCGAATCTGGGAATCTGC TTGAACCTATATGCCACACCA
Nt5dc2 CTGGCTACCTGGATGAAGGA CGGGAGAAGTAGGTAGGGTGG
Eea1 GGAAGACAACGAAGTGCAGA GCATCACAGACACGAACAGG
Ubl3 TGGCAAAACAACAGTGATGC TCACACAGCAGTTGCTCTCA

Hnrpa3 AAACCAGGGTGGTGGATATG CCCTTCATGGGTCCATAATTT
Hnrpf GGCAGGTCTGGATAGGATGA CTCCCAAACAGGTCAGTGGT
Htr2c GTTCAATTCGCGGACTAAGG AAGTTCGGGTCATTGAGCAC

Cpeb1-1 TTGCTTCAGGCTTGTTCTCA CTCTGAGATGGGCTCCAGAC
Cpeb1-2 TCTGGTCGTGTGACTTTCAA GAAAGGACCAGGTTGTGAGC
Gapdh CATGGCCTTCCGTGTTCCT TGATGTCATCATACTTGGCAGGTT
CARF CCGCAAGTAGCGCATAAGAT TCCAGTCCTCAAGGATTTCTG

126



6

Dynamics of behavior-gene relationship

6.1 Introduction

The relationship between the dynamics of gene expression and the dynamics behavior

has been demonstrated at the level of individual genes in the songbird song system.

Initial studies showed that singing induces the expression of transcription factors

EGR1 and FOS in song nuclei (Jarvis and Nottebohm, 1997; Kimpo and Doupe,

1997). For these genes, the amount of induced mRNA and protein expression, in

all song nuclei, correlates well with the amount of singing, in a motor-driven and

social context dependent manner (Jarvis et al., 1998; Whitney et al., 2000; Whit-

ney and Johnson, 2005; Kubikova et al., 2007). In addition to be being regulated

proportionally the amount of behavior, these genes are tightly regulated by neural

activity (reviewed in Lyons and West, 2011). The pattens of neural activity in the

song nuclei that regulate those IEGS are known to be related to the amount song

produced, which suggests that neural activity is the link between genes and behavior.

The song nuclei in the zebra finch each perform a distinct functional role, but

the largest difference is between the two distinct neural pathways. HVC and RA
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directly control song production as a part of the vocal motor pathway, while Area X

and LMAN control song learning/plasticity (Nottebohm et al., 1976; Bottjer et al.,

1984; Scharff and Nottebohm, 1991; Williams and Mehta, 1999; Brainard and Doupe,

2000; Olveczky et al., 2005; Aronov et al., 2008). Depending on the pathway, there

are different firing patterns and different levels of neural activity (reviewed in Perkel

et al., 2002). Based on the tight relationship between neural activity and gene

expression, it is possible that these different firing patterns across brain regions

and pathways cause different temporal patterns of gene expression. This may be

a potential mechanism to explain the varying patterns we observed (chapter 4). If

these patterns are indeed related neural activity associated with unique aspects of

a neural pathway, then we may find correlations between aspects of the behavior

controlled by a region and the gene expression patterns in that region. To test this

hypothesis we perform a computational analysis that relates the dynamics different

aspects of a birds behavior to the observed patterns of gene expression.

6.2 Results

6.2.1 Dynamics of immediate early gene expression

To perform the analysis, it was necessary to record and quantify the behavioral

variables. This was done using Sound Analysis Pro (http://ofer.sci.ccny.cuny.edu/

sound analysis pro). We measured eight distinct behavioral variables: the number

of bouts produced, the amount of time that was spent producing those bouts, the

change in amplitude over time, the change in pitch over time, the change frequency

modulation over time, the change in the goodness of pitch over time, and the change

in the variability of the goodness of pitch over time. The additional variables as-

sociated with each bird is what time of day the experiment began and how long

the bird was allowed to produce song before it was sacrificed. Figure 6.1A shows a

visualization of the number of bouts over time based on when the experiment begin.
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Figure 6.1: Song behavior of a zebra finch across time. In time windows of 20
minutes, the amount sing a zebra finch performed is quantified by measuring the
number of seconds the bird is in the act of producing song in that window. Birds
correspond to rows while the 200 time periods measured are along the x axis. Every
bird is normalized so that the maximum amount of singing they do in a window is
dark red and the minimum is dark blue. (A) The data is organized based on time of
day. (B) The data is organized based on when the bird is sacrificed.

Our hypothesis was that a particular aspect of behavior led to a change in gene ex-

pression. Therefore, we aligned this data to when the bird was sacrificed (Fig. 6.1B)

and built a computational model to compare the behaviors of all birds at a particular

time to the ultimate expression a gene in each region.

To develop methods, we used the true positives EGR1 and FOS that have been

shown to have shown to increase proportional to the amount of singing in all song

nuclei (Jarvis and Nottebohm, 1997; Kimpo and Doupe, 1997). After building a

model based on amount of singing that is able to identify these true positives, we

extend that model to other behavioral variables. The temporal expression profiles

of EGR1 and FOS, along with the profiles of other members of the core cluster and
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Figure 6.2: Strength of correlation between IEG expression and amount of time
spent singing. (A) The temporal expression profiles of several IEGs and core tran-
scripts are shown for Area X. Control experiments are at the top while late measured
gene expression is at the bottom. Red is the maximum increase of the transcript
(if the transcript increases) while blue is maximum decrease of the transcript (if the
transcript decreases). Grey rows represent birds that are do not have reliable data
for Area X. (B) The correlation profile between the example transcripts and amount
of time spent singing. As the x-axis varies, the time lag between when the behavior
is measured and when the bird is sacrificed varies. The test statistic of the correla-
tion is plotted as opposed to the raw correlation value to correct for differences in
numbers of birds available at different time lags.

IEGs are shown for Area X in Fig. 6.2A. These correlation profiles are based on the

significance of the correlation, rather than the raw correlation because the longer

time lags have fewer birds associated with them, which creates a higher variance in

correlation. As expected, the expression of IEGs FOS, EGR1, DUSP6, and ARC, all

show a strong positive correlation to the amount of time spent singing right before

sacrifice. This positive correlation tapers out beyond forty-five minutes before sac-

rifice. The temporal expression profile of calreticulin shows a delay in the peak of
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expression relative to the immediate early genes described above (Fig. 6.2A). Corre-

spondingly, there is a larger delay between when the significant behavioral variable

was measured and when the affect on gene expression occurred (Fig. 6.2B). The

delayed dynamics of HOMER1 relative to ARC have previously been described in

the hippocampus and neocortex (Vazdarjanova et al., 2002). Our ability to recapit-

ulate these results with high temporal accuracy highlights the power of this method

to reconstruct temporal profiles that operate on the order or minutes, even though

gene expression is itself measured every hour. Having shown the ability of cross-

correlation to measure behavior-expression dynamics, we move to framework that

allows us to compare multiple behaviors to the expression of multiple genes.

6.2.2 Regression model to relate gene expression to behavior

From a statistical perspective, the goal is to find significant relationships between

the ultimate expression of a gene any one of the behaviors at any time lag. A

naive regression would mean explaining one variable, gene expression, by a linear

combination of 1600 different variables (8 behaviors x 200 time points). However,

the data is not that simple. For the short time lags (1/2 hour before sacrifice), there

are 48 birds available. However, the number of birds available for analysis diminishes

the longer the proposed time lag is (Fig. 6.1B). Further, several behavioral variables

are likely to be related to each other. The number of bouts are likely related to the

amount of time spent singing and the measures of song variability are likely to be

correlated as well, making it difficult to find the most direct relationship between

a gene expression pattern and behavior without a model that does not include all

behaviors. Therefor, it was necessary to reduce the number of predictors by another

method . To do so, the computed correlation profile for every gene (Fig. 6.2B), was

smoothed and then separated into distinct “peaks” of expression, where merged time

points are likely to be a part of the same gene expression response to behavior. An
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Figure 6.3: Example of using peaks to represent behavioral variables. The cor-
relation profile (Fig. 6.2B) of oligonucleotide subgroup EGR1-s1 to the amount of
time spent singing in Area X after smoothing. The profile is broken up into distinct
peaks represented by the different colors. The x-axis shows the time lag between the
behavior and the gene expression. The y-axis shows the Pearson test statistic.
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example for the EGR1 relationship to the amount of singing is shown in Figure 6.3.

The summary variable that results from a peak is the mean behavioral value within

the peak, weighted by the strength of the correlation. The resulting expression is:

• There are I birds, i= 1 to I.

• There are B behavioral variables b1...bB, where each b is vector of length I.

• For each behavior, b, there are Qb peaks qi,b,1...qi,b,Q, where each q is a vector

of length I

• The number of minutes the bird was allowed to sing before being sacrificed is

h, where h is a vector of length I

• The time day the bird was sacrificed is d, where d is a vector length I

• A peak p(b,q) is a peak for a particular behavior b and peak number q, also of

length I

• An,m is the estimated coefficient for ppbn, qmq , Ah is the estimated coefficient

hours of the bird was allowed to sing before sacrifice and Ad is estimated coef-

ficient for the time of day.

• The expression of transcript Tr in region r and bird i is modeled across all birds

as:

Tr “
B

ÿ

n“1

Qn
ÿ

m“1

rAn,mppbn, qnqs ` Ahh` Add (6.1)

A further reduction in complexity was necessary, so a feature selection step was

performed where only 5 peaks are considered that have the highest Spearman rank

correlation to the gene expression value. Similar results where obtained with Pearson
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Figure 6.4: Computational validation of gene-behavior relationship. Leave one out
cross-validation is used to generate a set of predicted values for each gene expression
value based on the full model (eqn 6.1) or partial model based only of time of day and
time spent singing (eqn 6.2). This figure compares the improvement in prediction
using eqn 6.1 verus eqn 6.2. Both correlation (A) and mean squared error (B) are
used as accuracy metrics. Each plot shows the distribution of differences where
positive means an improvement in model by using eqn 6.1 to estimate expression as
opposed to eqn 6.2.

rank correlation. To verify that the behavioral variables were in fact predictive of

the gene expression values, the above model was compared to a time only model:

Tr “ Ahh` Add (6.2)

Leave one out cross-validation was used to verify the improvement of adding

behavioral variables (see Methods). As expected, the model including behavior im-

proved the prediction accuracy as judged by the correlation of the predicted values

(Fig. 6.4A) to the actual values and the mean squared error (Fig. 6.4B).

The results were filtered to remove any instances where the behavioral variables

did not improve the prediction, based on both correlation and mean squared error.

Several significant gene-behavior relationships were found across regions (p ă 0.01).
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For each region and behavior, the ratio of (number of transcripts identified) vs (ex-

pected number of transcripts) is shown (Fig. 6.5A). To link a behavior to a region, a

threshold of 2 fold enrichment was required (black line, Fig. 6.5A). As is known for in-

dividual genes, each brain region has a relationship to the amount of singing, whether

it be number of bouts, the time spent producing those bouts, or both (Fig. 6.5B).

The change in amplitude showed a specific gene expression relationship to RA, just

above threshold. All regions, except LMAN, showed a similar relationship to the

change in pitch over time. The regions in the vocal learning pathway, Area X and

LMAN, showed a stronger relationship to song variability measures. Area X was

related to change in frequency modulation, change in goodness of pitch, and change

in entropy. LMAN was found to relate to the goodness of pitch. These results sup-

port the hypothesis that gene expression patterns are related to the function of the

region.

This same framework allows us to resolve more detailed questions about the

relationship between gene expression and behavior. For example, some groups have

used the number of bouts as a measure of gene expression (Jarvis and Nottebohm,

1997) while others have used amount of time it took to produce those bouts (Kimpo

and Doupe, 1997). Because the regression model finds the most direct relationship

between gene expression patterns and a measured behavior, the question about which

behavioral variable is more relevant can be better resolved. To determine the periods

of time lag where a behavior has an affect on gene expression, summary profiles were

created by taking the sum of every significant peak for a behavior and region. In the

example of number of bouts versus time spent singing in Area X (Fig. 6.5B), this

model was able to show that both variables have an affect, but the amount of time

spent singing is much more important for the immediate early gene response within

one hour while the number of bouts has no direct affect within that time window

(for Area X Fig. 6.5B). In many of the cases where a behavior is related to gene
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Figure 6.5: Relationship between genes and behavior across brain regions. (A)
For a given brain region (Area X - red, HVC- green, LMAN - cyan, RA - purple), the
actual number of significant (p ă 0.01) transcript expression-behavior relationships
are plotted versus the expect number by random chance based on p-value. (B) For
the amount of time spent singing (blue) and the number of bouts (red) related to
Area X expression, all significant of all significants genes are summed across all time
lags.
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expression, there are particular times at which the influence is strongest.

6.2.3 Summary

In the past, the relationships between the dynamics of individual genes (EGR1 and

FOS) have been related to the dynamics of a single behavior, amount of song pro-

duction (Jarvis and Nottebohm, 1997; Kimpo and Doupe, 1997). Here, we move

from individual genes to hundreds of genes and from a single aspect of behavior

to multiple behavioral variables with the goal better understand the principles that

govern gene-behavior dynamics. Using this framework, we are able to uncover the

dynamics of the relationship between amount of singing and IEG expression down

to the order of minutes. We are also able to identify patterns of gene expression

that relation to the function the brain region they are measured in. According the

to function of the brain region, there may also be different functions of the activity

dependent gene expression itself.

6.3 Methods

The output the sound analysis pro (http://ofer.sci.ccny.cuny.edu/sound analysis pro)

processed recordings consisted of information on a number of different behavioral

variables for each note. This includes amplitude, pitch, frequency modulation, and

the goodness of pitch. Each note is given a start time, a duration, and is assigned

to a motif. Each motif is assigned to a bout. The number of bouts and the amount

of time spent singing those bouts are calculated by a sliding window approach. A

window of size 20 minutes was chosen because it was long enough to capture enough

birds producing song to be reliable while still short enough to maintain good tempo-

ral resolution. The window was moved by 2 minutes each iteration. The number of

bouts overlapping that window and the proportion of time the bird was producing

those bouts was calculated. To bias these results towards the center the window and
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improve temporal resolution, a normally distributed weighted mean was used across

the window, where the mean was the center of the window and the variance was the

half of the window length. A similar method was used to calculate the values of the

other behavioral variables over time. The same sliding window approach was used,

however, the value was determined relative to the mean value of the first bout. If

the pitch increased, the value would increase. If the pitch decreased, the value would

decrease. Thus, these behavioral variable kept track of changes in the song across

time.

To calculate the correlation profiles, several different methods were compared and

yielded similar results. Pearson correlation was chosen over Spearman and Kendall,

as it tends to be the default and can be more sensitive in the cases where there

the number of observations is low. A vector of behaviors for each bird at every

time lag was compared against the gene expression values measured at the time of

sacrifice. Time periods were eliminated in which there were fewer than 10 birds

producing song. This lead to a maximum time lag of roughly five hours. These

profiles were constructed for every significantly regulated transcript relative to every

behavior in every region. The number of observed birds decreases as the time lag

increases, causing the variance of the correlation to increase sharply. Therefor, the

test statistic of the correlation, as opposed to the correlation itself was used to

represent the strength of the relationship. The profiles were smoothed applying a

Lowess filter (Cleveland, 1981) twice with a smoothing factor of 0.15. The peaks

were determined by a sign of the smoothed correlation profile or a change in the

direction of the profile. A summary variable was created for each peak which was

the mean behavior within the time period of the peak weighted by the smoothed

correlation profile. The peaks were combined into a linear model predicting gene

expression by eqn 6.1. Additionally, a feature selection step was added. Only the

five peaks with the highest correlation (Spearman) to the ultimate gene expression

138



values were included in the model to reduce the number of variables.

To computationally validate the results, a leave-one-out cross validation approach

was used. For each brain region and each transcript, the regression model was

constructed with all but expression value. Each expression value was left out in

sequence. The model was tested for its ability to predict the left out values. A model

that includes behavior (eqn 6.1) was compared to a model that only includes the

independent variables time of day and time before the bird was sacrificed (eqn 6.2).

When eqn 6.1 was not able to improve the prediction, that transcription-behavior

relationship for the region was eliminated.
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7

Conclusion

7.1 Summary and discussion

Vocal learning is one of the most intriguing complex behaviors. It forms the basis

of speech in humans, which, until the rise of the internet, was our primary form of

communication. The National American Speech-language-hearing Association esti-

mates the 6-8 million people in the United States have some form language impair-

ment (http://www.asha.org/). A better understanding of the neurobiology of vocal

learning could lead to new treatments for these disorders and be a huge benefit to

society. Vocal learning also piques scientific curiosity because of its evolution. In

primates, this trait is uniquely human, which means that an understanding how how

vocal learning has evolved could inform our understanding of how humans evolved.

Unfortunately, its recent evolution and the lack of appropriate mammalian model

organisms has made vocal learning an extremely difficult trait to study. The most

tractable model organisms, song learning birds and parakeets, have a most recent

common ancestor to humans 300 million years ago (Burt et al., 1999).

Because vocal learning is such a difficult trait to study, there many open questions

140

http://www.asha.org/


in the field. How did vocal learning evolve? How does the neural circuit for vocal

learning develop? How does the neural circuit for vocal learning function? To answer

those questions, two major branches in the study of vocal learning have formed.

First, the study speech production in humans from a medical perspective. Second,

the study of vocal learning in songbirds as a model organism. It is only recently

that the two branches have begun to speak. In this thesis, I approached the problem

of vocal learning from “systems biology” perspective. By moving beyond individual

species, individual genes, individual brain regions, and individual time time points,

I have broadened our understanding vocal learning at multiple levels.

One of the major roadblocks to studying vocal learning from a broader perspective

has been the lack of genomic technology and analytic tools in avian species. As part

of a major effort over the past several years, I have worked to improve the available

technology. The annotation of the Agilent microarray has allowed people inside

and outside the Jarvis lab to more accurately measure expression of specific genes.

The pipeline I developed to analyzed data coming from that array has reduced the

computational bottle neck in drawing conclusions from genome-wide gene expression

studies. The validation of this array for use in copy number variation studies across

species has already led to new insights and candidates for mediating differences

between zebra finch and budgerigars. Genes involved in neurodevelopment show a

strong over-representation to have a different number of copies in the genomes of

zebra finch and budgerigars. Using this data and new avian genomes, I developed

genomic resources to allow this array to be used reliably across multiple avian species

as well.

These new technologies were used in an effort to relate avian and human brain

regions involved in vocal learning. First, I developed a specialization tree approach

that compares brain regions to each other across large evolutionary distances using

the specialization of gene expression patterns as a distance metric. This algorithm
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builds on the idea that brain regions in the human and songbird have specialized from

existing brain regions to participate in vocal communication. This program was used

to compare a database of avian genomic data across species and brain regions to a

database of human gene expression patterns across brain regions. The result of

this comparison was the first quantitative molecular evidence relating avian brain

regions to human brain regions. This study was also able to grow our understanding

of the evolution of vocal learning. It has been noted that there are similar neural

connections present in the neural circuit for vocal production in all vocal learning

species, suggesting convergent evolution at the anatomical level (Jarvis, 2004). This

unique connections are a loop connecting the cortex to the basal ganglia and a

connection between the cortex and brainstem (Jarvis, 2004). By examining gene

expression patterns across vocal learners and vocal non-learners, the specialization

trees were able to find similarities between gene expression patterns that specific to

RA of the zebra finch, the AAC of budgerigar, and the human primary motor cortex.

This suggests that in addition to the convergent evolution in the neural circuit, there

is convergent evolution in the gene expression patterns. An analysis of the genes that

make up these expression patterns show an enrichment for the functions of axon

guidance and neurodevelopment, including SLIT1, RNT4R, CHD4, and GAP43.

Taken together, we might hypothesize that these axon guidance molecules have the

function of mediating the differences in neural connectivity. The zebra finch RA, the

budgerigar AAC, and the human primary motor cortex all have a direct connection

to the brain stem vocal motor neurons, whereas these connections are absent or very

sparse in other species (Arriaga et al, unpublished).

Evidence from other sources have also implicated SLIT1 as having an specialized

brain expression pattern in vocal learners (Wang et al submitted). An interaction

partner of SLIT1, ROBO1, was found to have an amino acid mutation specific to

vocal learning species (Wang et al submitted). The gene has also been linked to
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dyslexia in humans Hannula-Jouppi et al. (2005). Another member of the SLIT

family, SLIT2 shows specialization in the RA analog of songbirds, but not humans

(this study and Wang et al). SLIT1 is a target of human FOXP2, but is only

weakly regulated by chimpanzee FOXP2 (Konopka et al., 2009). The “convergence

of this brain specialization data with numerous sources of genetic data suggests that

these specialization trees may be a useful computational tool to link gene expression

patterns to genetics within and across species.

One component of the specialization that cannot be measured in human are

genes regulated by neural activity in the vocal production circuit. These could be

involved also be involved in setting up or maintaining the neural circuit for vocal

production in an activity-dependent manner (Hua and Smith, 2004). In zebra finch,

a screen for genes specifically regulated by song production in RA or by hopping

in the surrounding area yielded two candidates that have been linked to dyslexia

(DOCK4, CNTNAP5). To characterize the transcriptional program associated with

production of vocal learning at a deeper level, microarray data was collected from

four song nuclei (Area X, HVC, LMAN, and RA), at nine time points (silent, 0.5hr,

1hr, 2hr, ... , 7hr) with six replicate birds per time point. The surprising result from

this experiment was huge diversity in gene expression measured between different

brain regions.

Studies that have attempted to unlock the mechanisms and function of activity-

dependent gene expression have tended to focus on in vitro systems. Our results

suggest that the robust IEG expression is likely to be similarly regulated in multiple

different cell types, brain regions, and experimental models. We found genes that

have slower or delayed dynamics vary a huge amount across brain regions during

production of song. By comparing gene expression specializations before song pro-

duction to after song production, we were able to show that genes that are higher

in a particular region at baseline are also more likely to be specifically regulated
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during song production in that region. Extending these results to our previous study

across species, we can infer that a function of the gene expression specializations in

human brain regions may be to mediate behavior-specific activity-dependent gene

expression.

Another potential reason for the diversity of gene expression during vocal produc-

tion could be more directly related to the function of the brain region in the context

of the neural circuit. For example, HVC and LMAN, both in the nidopallium, have

almost identical gene expression patterns at baseline, yet there is significant variation

between them in the genes that respond to neural activity. Despite their anatomical

similarity, they function very differently in behavioral control. HVC initiates song

production behavior, while LMAN (along with Area X) controls the variability of

the song as part of the song learning pathway (Nottebohm et al., 1976; Bottjer et al.,

1984; Scharff and Nottebohm, 1991; Williams and Mehta, 1999; Brainard and Doupe,

2000; Olveczky et al., 2005; Aronov et al., 2008). It has been shown that differences

in firing patterns, which in this case would be associated with the difference region

function, could lead to differences in the genes expressed. If so, we would expect to

find expression patterns in LMAN and Area X that are related to song variability

that are not found in HVC. Our analyses of the behavioral gene expression rela-

tionships supported this idea. As predicted, we only find expression patterns to be

associated with song noise in Area X and LMAN, but not HVC and RA.

The tight association between the dynamics of gene expression and behavior

have not been measured before at the genome-wide scale. Although gene expression

is assayed at every hour, the bird’s song production is continuous. This allows us to

look at look how a behavior, at a time lag on the scale of minutes, not hours, will

ultimately affect gene expression. For example we are able to “deconvolve” the gene

expression pattern of ARC and HOMER1 to recapitulate the known biology of a

slight lag in HOMER1 induction (Vazdarjanova et al., 2002). The example of ARC
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and HOMER highlight the power of this extensive data set as a tool for studying

aspects of activity-dependent gene expression in vivo, not just vocal learning.

In another example, the detailed time course of behavior allowed us to identify

gene ontology categories, like synaptic function, associated with very distinct tem-

poral expression profiles that could not be identified by examining only one or two

time points. The time course data also allowed us to infer the functions of particular

transcription factors by looking for over-representation of their binding sites in the

promoters of co-regulated genes with the same temporal profile. This analysis is able

to support the role of several factors in mediating immediate early gene expression

including CREB, EGR1 and NFKB. We followed up on two transcription factors in

particular an attempt to untangle the mechanisms of vocal production induced gene

expression: MEF2A and CARF.

MEF2A is an interesting candidate because it was recently implicated in differ-

ences between human and chimp prefrontal cortex development (Liu et al., 2012).

In addition to its developmental role, MEF2A has also been well studied in the

context of activity-dependent gene expression (Flavell et al., 2008). Although there

is a perfect match to the MEF2A oligonucleotide in both the zebra finch and the

budgerigar, genome, the intensity of the oligo when hybridized to genomic DNA

was much higher in zebra finch, which implies a copy number difference between

species. Its gene expression pattern at baseline, before the zebra finch begins to

sing, is specialized in to the nidopallium. A MEF2 transcription factor binding site

is also over-represented in the set of genes that are nidopallium specific. There is

also evidence for an activity-dependent MEF2A function during song production.

The is an over-representation of one version of the MEF2 binding site in the set of

genes specifically regulated outside of the nidopallium, which could be related to its

expression pattern at baseline. Another version of the MEF2 binding site was found

enriched in the set of IEGs. Further research is required to disentangle the devel-
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opmental, activity-dependent, and region-specific functions of MEF2A, but multiple

pieces of evidence across a number of different studies highlight its importance.

In case of MEF2, were able to build upon large foundation of knowledge about

its molecular function and binding site specificity. To highlight the usefulness of our

dataset and better understand the mechanisms of activity-dependent gene expression

during vocal production, we focussed on the relatively uncharacterized transcription

factor, CARF. First, using resources in mouse, we identified its transcription factor

binding site specificity so that it could be included in the transcription factor site

scan. The scan found it be over-represented in the set of immediate early genes,

supporting its identified function as a calcium-dependent activator of gene expres-

sion. To verify whether the predicted zebra finch targets are affected and identify

its larger role in the context of activity-dependent gene expression, a microarray

experiment was conducted where CARF knockdown was compared to control un-

der normal conditions and during KCl stimulation of the neurons in culture. As

expected there was a preference for zebra finch predicted CARF targets to decrease

in the knockdown. Beyond the verification, we found that more singing regulated

genes were activated by KCl stimulation in the CARF knockdown. This suggests

that the function of CARF may be neuron homeostasis - to reduce the intensity of

the activity-dependent gene expression program. Genes affected in the CARF knock-

down tend to be related to calcium ion binding, which may provide a mechanism for

how CARF is able to reduce the response to neural activity through its targets.

7.2 Future directions

The results outlined would not be possible without the rapid development of genomic

technology. One clear direction for this research program is the continued adaption of

the latest genomic techniques for study of vocal learning in avian species and humans.

Preliminary experiments are underway in the use of next generation sequencing, as

146



opposed to microarrays, to analyze gene expression in vocal and non-vocal brain

regions. This has two major advantages over microarrays. First, more detailed

information can be collected about slice variants. Second, genes will not have to

be discarded for cross species analysis because of a poor match to a microarray

oligonucleotide. Profiling baseline and activity-dependent gene expression within

song nuclei and the surround areas of vocal learning and vocal non-learning species

is likely to provide new insights into the evolution of vocal learning and new candidate

genes.

Another important direction of this research is the detailed analysis of candidate

genes. The methods and conclusions of this research are quite broad. To make

continued progress, these broad studies need to be paired with detailed studied of

individual genes, species, and brain regions. Especially now that there is further

evidence for the zebra finch as “molecular” model for human speech, the complex,

quantifiable behavior of the finch can be used to study the affect of manipulating

individual genes through knockdowns and over-expression. Specifically, coupling a

knockdown with computational analysis of gene expression changes and behavioral

changes has great potential to uncover the principles how a gene mediates behavior.

For the reasons highlighted above, the transcription factors MEF2A and CARF are

fantastic candidates for further study. Beyond knockdown experiments, transgenic

zebra finches or other animals could also be constructed to study these candidates.

If the patterns of genes can really form the basis of vocal learning, then manipulating

their patterning in a non-vocal learner could give that animal vocal learning ability.

Even beyond those individual genes, the study of singing regulated gene expres-

sion raises more questions than it answers. We hypothesize that the diversity in

regulated gene expression is due to different cell types and different levels of neu-

ral activity depending the brain regions, but those have yet to be explicitly tested.

Questions about the difference in cell types could be resolved by co-labeling in situ
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experiments that link components of the neural activity-dependent gene expression

to different pre-defined classes of neurons, such as RA projecting vs. AreaX project-

ing HVC neurons. Electrophysiological recordings of neural activity during behavior

could also provide insights into the mechanisms of gene expression diversity. Our

current model links song output to gene expression, but a more detailed model could

link song output to neural activity to gene expression patterns. An even more de-

tailed model could also be extended to take different cell types, with different levels

of neural activity, into account as well.

The brain specialization method of examining gene expression and the genetic

techniques of studying vocal learning both identify the SLIT pathway was being

important. Beyond the implications of the vocal learning system, this result suggests

that the brain specializations could be framework for relating expression pattern to

genetic mutations. Many neural disorders have a developmental component. Perhaps

they result from incomplete or inaccurate specialization of brain regions. If so, there

may be a link to genome wide associations studies of neural disorders in human to

brain specializations related to those disorders. In other words, brain specializations

may be a way in which genome wide association data could be interpreted, providing

a link between the genetics and gene regulation.

One of weaknesses of this study, both the specialization and the activity-dependent

component, is that experiments were conducted in the adult. There is good reason

for this, as it is difficult to align different developmental stages across species or even

across animals within a species. However, now that particular expression signatures

have been detected, it would be interesting to identify their development origin.

7.3 Conclusion

These results represent a significant contribution to the study of vocal learning,

neural activity-dependent gene expression, and their intersection. The genomic tools
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that were developed and computational analysis techniques adapted to these problem

are likely to be used to by others in the future for the study of vocal learning and other

behaviors. In this research, they have provided new insights into how gene expression

is related to behavior across species and during production of a learned behavior.

The neurobiological system is incredibly rich in data and complexity. As technology

develops, the field will continue moving from single species to multiple species, from

single genes to multiple genes, from single brain regions to neural circuits, from single

measurement to time course studies, and from simple descriptions of behavior to rich

quantification of multiple behavioral characteristics.
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Jarvis, E. D., Güntürkün, O., Bruce, L., Csillag, A., Karten, H., Kuenzel, W.,
Medina, L., Paxinos, G., Perkel, D. J., Shimizu, T., Striedter, G., Wild, J. M.,
Ball, G. F., Dugas-Ford, J., Durand, S. E., Hough, G. E., Husband, S., Kubikova,
L., Lee, D. W., Mello, C. V., Powers, A., Siang, C., Smulders, T. V., Wada, K.,
White, S. a., Yamamoto, K., Yu, J., Reiner, A., and Butler, A. B. (2005), “Avian
brains and a new understanding of vertebrate brain evolution.” Nature reviews.
Neuroscience, 6, 151–9.

Jarvis, E. E. (2004), “Learned Birdsong and the neurobiology of human language,”
Annals of the New York Academy of Sciences, 1016, 749–777.

156



Johnson, F., Hohmann, S. E., DiStefano, P. S., and Bottjer, S. W. (1997), “Neu-
rotrophins suppress apoptosis induced by deafferentation of an avian motor-cortical
region.” The Journal of neuroscience : the official journal of the Society for Neu-
roscience, 17, 2101–11.

Johnson, M. B., Kawasawa, Y. I., Mason, C. E., Krsnik, Z., Coppola, G., Bogdanović,
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