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ABSTRACT 

Our knowledge of the transcriptome has become much more complex since the days of 

the central dogma of molecular biology.  We now know that splicing takes place to 

create potentially thousands of isoforms from a single gene, and we know that RNA 

does not always faithfully recapitulate DNA if RNA editing occurs.  Collectively, these 

observations show that the transcriptome is amazingly rich with intricate regulatory 

mechanisms for overall gene expression, splicing, and RNA editing.   

 

Genetic variability can play a role in controlling gene expression, which can be 

identified by examining expression quantitative trait loci (eQTLs).  eQTLs are genomic 

regions where genetic variants, including single nucleotide polymorphisms (SNPs) 

show a statistical association with expression of mRNA transcripts. In humans, many 

SNPs are also associated with disease, and have been identified using genome wide 

association studies (GWAS) but the biological effects of those SNPs are usually not 

known.  If SNPs found in GWAS are also found in eQTLs, then one could hypothesize 

that expression levels may contribute to disease risk.  Performing eQTL analysis with 

GWAS SNPs in both blood and brain, specifically the frontal cortex and the 

cerebellum, we found both shared and tissue unique eQTLS. The identification of 

tissue-unique eQTLs supports the argument that choice of tissue type is important in 

eQTL studies (Paper I).   

 

Aging is a complex process with the mechanisms underlying aging still being poorly 

defined.  There is evidence that the transcriptome changes with age, and hence we used 

the brain dataset from our first paper as a discovery set, with an additional replication 

dataset, to investigate any aging-gene expression associations.  We found evidence that 

many genes were associated with aging. We further found that there were more 

statically significant expression changes in the frontal cortex versus the cerebellum, 

indicating that brain regions may age at different rates. As the brain is a heterogeneous 

tissue including both neurons and non-neuronal cells, we used LCM to capture Purkinje 

cells as a representative neuronal type and repeated the age analysis.  Looking at the 

discovery, replication and Purkinje cell datasets we found five genes with strong, 

replicated evidence of age-expression associations (Paper II).  

 

Being able to capture and quantify the depth of the transcriptome has been a lengthy 

process starting with methods that could only measure a single gene to genome-wide 

techniques such as microarray.  A recently developed technology, RNA-Seq, shows 

promise in its ability to capture expression, splicing, and editing and with its broad 

dynamic range quantification is accurate and reliable.  RNA-Seq is, however, data 

intensive and a great deal of computational expertise is required to fully utilize the 

strengths of this method.  We aimed to create a small, well-controlled, experiment in 

order to test the performance of this relatively new technology in the brain. We chose 

embryonic versus adult cerebral cortex, as mice are genetically homogenous and there 

are many known differences in gene expression related to brain development that we 

could use as benchmarks for analysis testing. We found a large number of differences 

in total gene expression between embryonic and adult brain. Rigorous technical and 

biological validation illustrated the accuracy and dynamic range of RNA-Seq.  We 



were also able to interrogate differences in exon usage in the same dataset.  Finally we 

were able to identify and quantify both well-known and novel A-to-I edit sites.  Overall 

this project helped us develop the tools needed to build usable pipelines for RNA-Seq 

data processing (Paper III). 

 

Our studies in the developing brain (Paper III) illustrated that RNA-Seq was a useful 

unbiased method for investigating RNA editing. To extend this further, we utilized a 

genetically modified mouse model to study the transcriptomic role of the RNA editing 

enzyme ADAR2.  We found that ADAR2 was important for editing of the coding 

region of mRNA as a large proportion of RNA editing sites in coding regions had a 

statistically significant decrease in editing percentages in Adar2-/- Gria2R/R mice versus 

controls.  However, despite indications in the literature that ADAR2 may also be 

involved in splicing and expression regulatory machinery we found no changes in gene 

expression or exon utilization in Adar2-/- Gria2R/R mice as compared to their littermate 

controls (Paper IV). 

 

In our final study, based on the methods developed in Papers III and IV, we revisited 

the idea of age related gene expression associations from Paper II.  We used a subset of 

human frontal cortices for RNA sequencing.  Interestingly we found more gene 

expression changes with aging compared to the previous data using microarrays in 

Paper II. When the significant gene lists were analysed for gene ontology enrichment, 

we found that there was a large number of downregulated genes involved in synaptic 

function while those that were upregulated had enrichment in immune function.   This 

dataset illustrates that the aging brain may be predisposed to the processes found in 

neurodegenerative diseases (Paper V).    
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1 INTRODUCTION 

The “central dogma” of molecular biology states that biological information is 

transferred from nucleic acids to proteins as DNA is transcribed into RNA and RNA is 

translated to protein, wherein a single gene made a single protein1. Although DNA 

holds the genetic information to code for an entire multicellular organism, the select 

creation of a subset of RNA species is needed to specify identity in any given cell or 

tissue at any given time. In recent years, we have come to realize that the transcriptome 

is much more complex than the central dogma might imply. Messenger RNA 

molecules are heavily regulated through methods such as RNA splicing, where single 

exons are included or excluded from the mRNA. RNA is also editing by several 

enzymes, leading to differences in sequence from the encoded genome. These 

processes lead to diversification in the encoded proteins. Thus, the transcriptome is 

central to the dynamic transfer of information from DNA to protein.  

 

1.1 MEASURING RNA 

As mRNA is the key intermediate between DNA and protein, it is critical to be able to 

describe the mRNA content in a cell or tissue  qualitatively and quantitatively.  

Historically, many methods have been developed to look at RNA, which will be 

outlined briefly here. 

 

In northern blotting, RNA samples are separated based on size using electrophoresis, 

then transferred via capillary to a membrane that can be blotted using a labeled probe 

complementary to the gene of interest 2,3. As alternate splicing can lead to differences in 

sizes of the RNA, Northern blots can be used to estimate splicing events in some cases. 

Furthermore, Northern blots can be used for quantification of major species.   

 

Accurate quantification of mRNA can also be achieved using quantitative reverse 

transcription polymerase chain reaction (qRT-PCR).   In this method, the first step is to 

reverse transcribe RNA into cDNA.  The cDNA is then amplified using polymerase 

chain reaction with quantification occurring in real time after each cycle.   Detection 

can be done in two ways, using either a non-specific fluorescent reporter such as SYBR 

green or a sequence specific probe such as those found in TaqMan assays. SYBR green 

intercalates with double stranded DNA and as amplification using gene specific primers 
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proceeds, more DNA product is made and fluorescence increases.  TaqMan uses a 

sequence specific probe that contains a fluorophore at its 5’ end and a 3’ quencher, 

which anneals with its complementary DNA region.  As the Taq polymerase 

synthesizes a new copy of the DNA, it degrades the probe through its exonuclease 

activity.  This degradation releases the fluorophore from the quencher, allowing for 

detection.  Both SYBR Green and Taqman assays can be highly accurate with a large 

dynamic range when probes are designed correctly and reference genes are chosen 

appropriately4–8.    

 

Another method, in situ hybridization, uses labeled probes to show the localization of 

individual RNA species within tissues9.  In this approach, sections of tissues are 

incubated with probes of interest therefore allowing for identification of the cells in 

which a given sequence is expressed. This technology has been particularly useful in 

complex tissues such as the brain that contain many cell types and is amenable to large-

scale examination of many genes such as in the Allen Brain Atlas project 

(http://mouse.brain-map.org/).  Furthermore, quantification of in situ signals can be 

achieved by counting silver grains after development of radiolabeled sections with 

photographic emulsion10 or with fluorescent probes11. 

 

All of these methods are generally limited to quantifying a single gene or a small 

handful of genes per experiment and are therefore most effectively applied when there 

is a prior knowledge of which genes to investigate.  However, unbiased genome-wide 

approaches would be useful when trying to find new molecular events associated with a 

given biological events.  Microarray chips contain tens to hundreds of thousands of 

probes providing an ability to assay multiple genes in a single experiment.  Generally, 

the first step in this method is to use reverse transcriptase to convert RNA to cDNA and 

then tag the cDNA with biotin.  Biotinylated cDNA is then hybridized to the 

microarray with cDNA binding to probes that represent the complementary sequences 

and are attached to a support (usually a glass slide).  Next, a series of washes is applied 

to remove unbound cDNA then a fluorescent dye containing streptavidin is added to 

bind to the biotinylated cDNA.  The overall fluorescence at each prove is quantified 

using an array scanner giving relative expression levels of each gene interrogated by 

the array12–14.    

 

There are several known limitations in microarrays, including problems with probe 
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design15,16, a compressed range of sensitivity17,  and statistical concerns18 due to the 

large number of probes measured. For example, non-specific hybridization to 

microarray probes leads to a limited dynamic range19,20.  Because of these limitations, 

validation is generally required for any proposed differences in gene expression 

between groups, with qRT-PCR being the favoured method.  Interestingly there is little 

in the literature that deals with which method is “correct” when these two techniques 

are in not in agreement, either by the differences magnitude of expression differences 

or even in the direction of effect reported.  Etienne at al found that correlation between 

RT-PCR and microarray was highest with moderately expressed genes21, and another 

study found that there was less  correlation between the two methods for down-

regulated genes versus those that were up-regulated22.   Both studies indicate that 

microarray is weak at accurately measuring genes that are expressed at low levels.  

Because of these problems with the accuracy of microarray approaches, other methods 

of quantifying gene expression on a genome-wide level are worth exploring.   

 

1.2 RNA SEQUENCING  

 

Figure 1.  This figure was adapted from van der Brug et al. and Mardis et al. to 

illustrate the steps in library preparation and sequencing for the RNA-Seq 

method23,24. 
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Interrogating the complexity of the entire transcriptome in an unbiased manner has 

become easier in recent years due to the development of RNA-sequencing (RNA-Seq).  

RNA-Seq is a high throughput method of sequencing cDNA libraries and the general 

workflow is illustrated in Figure 1.   RNA input for library creation can either be 

selected for mature, polyadenylated RNA using oligo-dT magnetic beads, or total RNA 

can be used as input with rRNA removal beads to clear ribosomal RNA.  The next 

steps, cDNA synthesis and fragmentation can be interchanged depending on the aim of 

the study. Fragmenting the RNA before cDNA synthesis gives a more uniform 

sequence coverage over the gene body but fewer reads at the ends of transcripts25, 

while fragmenting after shows a strong 3’ bias26. Strand specific information can also 

be obtained if uracil is incorporated during the 2nd strand synthesis portion of the cDNA 

protocol and then later degraded using uracil-DNA glycosylase.  It is also possible, 

however, to skip cDNA synthesis entirely and sequence the RNA directly such as in the 

method described by Ozsolak et al.27, but this method was not utilized in the thesis 

work described herein.  Adapters are then ligated so that each fragment has the same 3’ 

and 5’ sequence for PCR amplification. Libraries are attached to a flowcell containing a 

dense lawn of primers.  For downstream signal detection, amplification of each cDNA 

fragment is needed. Colonies of each sequence are generated by bridge PCR.  

Sequencing with illumina technology uses fluorescently labeled dNTPs with a 

reversible terminator so only a single nucleotide can be added each cycle. Once the 

microscope captures the fluorescent signal the terminator is cleaved so the next base 

can be added.  This process can be repeated up to 150 times with little error and then 

the process can be repeated using the opposite ended primer (paired end) for a potential 

300 base pairs of sequence information.  Each sequenced fragment is then stitched back 

together using a reference genome where overall counts per gene can be used for gene 

expression analysis.     

 

RNA-Seq has advantages over microarray in gene expression quantification, as it does 

not rely on probe design and, as such, both known and novel genes can be interrogated.  

RNA-Seq has much greater dynamic range than microarrays 28,29,  spanning over five 

orders of magnitude25.  Correlation between protein and gene quantification is stronger 

when using RNA-Seq over microarray30,31, suggesting more accurate capture of 

biological information.   Information pertaining to splicing can also be extracted using 

coverage per exon and reads that span more than one exon, which are also known as 
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junction reads32.  As RNA-Seq contains sequence-specific information, sequence 

mismatches between RNA and DNA, such as those resulting from RNA editing, can 

also be identified33.  With the proper depth of coverage34, RNA-Seq is capable of 

giving us a robust and complex view of the transcriptome. 

 

Collectively, these different methodological approaches have been used to generate a 

view of the complement of mRNA that includes data at the level of whole gene, exon 

and single base pair level. Regulation of mRNA expression at each of these levels 

includes distinct biological mechanisms and is therefore worth discussing separately. 

 

1.3 REGULATION OF THE TRANSCRIPTOME 

1.3.1 Gene expression 

Regulating the overall amount of RNA molecules produced from a given gene can be 

accomplished in multiple ways.  First, RNA polymerase must be able to bind the DNA 

in order for the DNA to be transcribed.  If a section of DNA is tightly bound to 

histones, RNA polymerase cannot gain access and no gene product can be made.  

Modifications to histone proteins35 and DNA methylation36 dictate the strength of their 

interaction and therefore how accessible any particular gene is for transcription.  If the 

nucleoprotein complex containing histones and DNA is in an open conformation, 

transcription factors can bind and either recruit or impede RNA polymerase37.   

Subsequently, transcribed RNA is converted into mature RNA via post-transcriptional 

modifications each having a potential impact on overall mRNA quantity, which will be 

discussed further below.  

 

Modulation of gene expression is critical to many biological processes including 

morphogenesis and cell differentiation. In multi-tissue gene expression studies using 

microarrays, only 1-7.5% of the genes measured were ubiquitously expressed, 

suggesting that gene regulation contributes to the transcriptome complexity needed to 

derive different cell and tissue types38–40 . In these studies, only a small fraction of 

genes were utilized in any single tissue type, indicating that gene expression is not 

regulated as a simple on/off mechanism. Ramskold et al. used RNA-Seq to measure 

gene expression in multiple tissues and found that approximately 75% of all genes are 

ubiquitously expressed41. In the same study, it was found that of all the tissues 

sequenced, brain was one of the most complex.  With such a large number of genes 
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sharing expression across tissue types, mechanisms such as splicing and editing may 

also play a role in tissue specificity. 

 

1.3.2 Splicing 

 

 

 

Figure 2. This figure was adapted from Licatalosi et al.  demonstrates the different 

types of alternative splicing that can occur as indicated by the dotted lines42. 

Exons are in green, introns in grey, the 5’UTR is in blue and the 3’UTR is in pink. 

 

Splicing, the removal of non-coding intronic sequences and the joining of exons, is 

required in order to form mature RNA.  This process occurs in the nucleus by the 

spliceosome, a large complex of proteins and small nuclear ribonucleic particles 

(snRNPs)43,44.   Introns contain a specific 5’ donor site, a 3’ acceptor site, and a branch 

site near the 3’ end for recognition and removal by the spliceosome. Non-splicsosomal 

proteins can enhance or repress the use of splice sites by binding to exonic sequences, 

allowing for these exons to be included or excluded. This mechanism of alternative 

splicing leads to the creation of multiple isoforms from the same gene and thus 

proteomic diversity (Figure 2). Studies utilizing exon junction microarrays have found 

that as many as 74% of multi-exon genes have alternative splicing events45–47 and 

RNA-Seq estimates that an even higher proportion of genes may be spliced 48,49.   

Splicing plays an important role in neurodevelopment, synaptic plasticity and 

strength50, and the mammalian brain has been found to have the one of the highest 

number of alternative transcripts compared to other tissue types48,51. For instance, 

Exon 
skipping 

Mutually 
exclusive exons 

        

      

       

Alternate UTR 

      Intron retention 
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isoforms of the drosophila homologue of dscam mediate axon guidance52, while 

neurexin splice variants in the rat brain have critical roles in synaptogenesis53.    

 

There are also cases in which intronic sequences are retained.  This form of alternative 

splicing is thought to be less common than other forms of alternate splicing but there 

have been relatively few studies investigating intron retention on a transcriptome wide 

level to ascertain their true frequency.  In two RNA-Seq studies, the human brain was 

shown to have higher levels of intron retention compared to liver54,55.   Intron retention 

may play a vital role in the brain, for example by generating calcium channel 

diversity56.  Intron retention in KCNMA1 RNA promotes the inclusion of a stress axis-

regulated exon (STREX) and reduction of either the intron or the STREX exon reduced 

burst firing in hippocampal neurons56.  

 

Alternative splicing can also influence the regulation of transcript expression by 

changing mRNA stability, affecting the efficiency of translation, altering the number of 

miRNA sites or switching localization signals42,57.   Many regulatory elements that are 

involved in these processes are found in the untranslated regions (UTRs) of genes.  For 

instance, the subcellular localization of WT1, a tumor suppressor gene, depends on the 

alternative splicing of a gene region including its zinc finger58. Isoforms of the divalent 

metal transporter known as nramp2 can either include or exclude an iron response 

element found in its 3’UTR59, where is it then expressed primarily in the duodenum60 

or in erythroid cell precursors respectively61.  Interestingly, the 3’UTR regions in the 

mammalian brain are much longer than in other tissues41,62. 
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1.3.3 A-to-I RNA editing 

 

 

 

Figure 3.  This figure was adapted from Hogg et al. and demonstrates ADAR 

binding to double stranded RNA from both intronic and exonic sequences and 

then the deamination that occurs63.   

 

An additional source of transcriptome diversity is generated at the single base level via 

RNA editing illustrated in Figure 3.  Adenosine to inosine substitutions in mammalian 

RNA are the most widely understood RNA editing events and are carried out by 

adenosine deaminases (ADARs), of which there are three isoforms; ADAR, ADAR2, 

and ADAR3.  ADAR1 and ADAR2 are ubiquitously expressed, with expression levels 

are highest in the brain64,65 while ADAR3 is exclusively expressed in the brain66,67.  

ADARs act on double stranded RNA specific and may require dimerization to be 

enzymatically active68,69, although ADAR3 does not seem dimerize68 and is also 

enzymatically inactive to known substrates and synthetic dsRNA67.  Though other 

double stranded binding proteins have been found to have structural rather than 

sequence specificity70, Lehmann et al. found ADAR1 and ADAR2 share a 5’ sequence 

preference while only ADAR2 has a 3’ preference71.  ADARs are localized primarily in 

the nucleolus and are bound to ribosomal RNA72 but can translocate to the nucleus 

 

 

Intron Exon 
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upon expression of ADAR substrates such as Gria273.  

 

Inosine is recognized as guanosine in translation and as such editing in the coding 

region of a gene can result in a change in the amino acid sequence74. Editing may be 

particularly important in the brain as there are multiple isoforms of neurotransmitter 

receptors that are targeted by ADARs75.  In mice, editing of Gria2 leads to the 

impermeability of this glutamate channel to calcium ions.  If only the unedited isoform 

is present mice die approximately two weeks after birth due to seizures76.  Looking 

across mouse strains the majority of A-to-I editing sites are highly conserved77 

supporting the idea that editing is biologically important.   Editing is also found in non-

mammalian species, in octopuses RNA editing plays a role in the temperature 

adaptability of potassium channels78, again showing that RNA editing may influence 

neuronal excitability.   

 

RNA editing in the noncoding region of a gene can result in altered splicing, nuclear 

retention, or stability of the transcript79–82.  For example, ADAR2 may to regulate its 

own expression via the creation of an alternate splice site by auto-editing80. 

Hyperedited RNAs are bound and anchored to the nuclear matrix via the p54nrb 

complex to prevent them from being exported from the nucleus79.  Several studies have 

reported that viral RNA undergoes a high level of editing83,84 and it possible that 

nuclear retention of these promiscuously edited RNAs is therefore an anti-viral 

mechanism85. 

 

1.4 GENETIC VARIABILITY 

Variation in the genome can play role in controlling gene expression, thereby adding 

another layer of complexity to the transcriptome.  Single nucleotide polymorphisms 

(SNPs) a common form of variation in mammalian genomes.  With the development of 

high throughput SNP arrays, capturing this variation on a genome-wide scale is 

relatively straightforward and cost-effective. Associations between genetic variants and 

gene expression, where gene expression is treated as a quantitative trait, identify 

expression quantitative trait loci (eQTLs).  The majority of eQTLs are found in cis 

rather than in trans.  The strongest signals between correlated SNPs and gene 

expression are within 1 Mb on either side of the transcriptional start site (TSS) of the 

gene of origin86–88.  SNPs in such regions may affect the strength of a transcription 
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factor binding to the promoter site, thereby modulating the amount of mRNA 

transcribed.  

 

Many previous studies examining eQTLs have used microarrays to estimate gene 

expression86–89 potentially missing additional transcriptomic events such as splicing. A 

study by Kwan et al. using exon arrays found that out of all transcript-SNP pairs, 55% 

were isoform changes but only 39% were whole gene expression level changes90, 

which stresses the importance of measuring the expression level of each transcript.  

RNA-Seq may therefore be suitable for assessing transcriptomic genetic associations.  

Pickrell et al. using RNA-Seq in lymphoblastoid cell lines and reported measurable 

associations between genetic variation and splicing91.    

 

One might typically expect equal expression of each allele of a heterozygous haplotype, 

but this is not always the case.  For example, X-inactivation is the random silencing of 

one of the two copies of the X chromosome in each cell in females, thereby balancing 

the amount of expression to be equivalent to males.  However, about 15% of X-linked 

genes in human and 3% in mice escape this inactivation92.  Another form of 

monoallelic gene expression is genomic imprinting where autosomal genes are 

expressed in a parent-of-origin fashion, via inherited epigenetic marks such as DNA 

methylation and histone modification93.  Additionally, expression of some genes is 

subject to allelic imbalance, where in a heterozygous haplotype one allele is expressed 

more than the other.  RNA-Seq may be able to find such allele-specific expression 

information in a transcriptome wide manner.  In the same study mentioned, Pickrell et 

al. could also quantify the amount each allele was expressed.  Of the 222 putative cis-

eQTLS with quantifiable exonic SNPs 88% were driven by more reads from the higher 

expressing haplotype91.   

 

Genetic variation can be a risk factor for disease94.  SNP chip data along with 

phenotypic information can be used to investigate associations between genetic 

variation and disease as in genome-wide association studies (GWAS).  GWAS can be 

used to find SNPs that mark chromosomal regions and disease but they don’t indicate 

any biological relevance for that association.  By definition variants found in GWAS 

are present in the control population, so it is possible to overlay these with eQTLs.  Any 

SNPs that are associated with risk of disease and that are also in eQTL would suggest 

that expression levels of that specific gene are associated with disease. Supporting this 
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idea, previous studies show that GWAS hits paired with eQTL data can improve the 

ability to find true associations95,96.  However, these associations are more likely to be 

found when the gene is expressed in the tissue type observed97.  

 

1.5 CELLULARITY 

The brain is a complex tissue with a heterogeneous cellular composition. For example, 

the cerebral cortex is organized into six layers each having differing densities and 

distributions of neuronal cell populations98.  These neurons also project to other regions 

in the brain depending on their function.  For instance in the primary visual cortex, 

layer 4 is thicker than other layers as it receives a large number of projections from the 

thalamus99,100, whereas in the primary motor cortex the thickest layer is 5 as it contains 

a large number of neurons projecting to the spinal cord101.  Another type of 

organization found in subcortical structures are tight clusters of neurons in nuclei, an 

example being the substantia nigra which contains a large number of dopaminergic 

projection neurons. With all of this heterogeneity, homogenization of brain tissue may 

complicate measures of gene expression if certain cell types age more quickly or are 

more affected by disease. 

 

Cell specificity is of particular importance in neurodegenerative diseases such as 

Alzheimer’s and Parkinson’s disease.    In many of these diseases there is evidence of 

preferential neuronal vulnerability, such as the prominent but not exclusive loss of 

dopaminergic neurons of the substantia nigra pars compacta in Parkinson’s disease.  

Being able to separate out specific cell types for gene expression quantification may 

therefore be useful in understanding the molecular basis of neurodegenerative diseases.  

Laser capture microdissection (LCM) is one technique that can be utilized to isolate 

subpopulations of cells with the caveat that any method used for identification of the 

cells of interest cannot degrade the RNA needed for downstream analysis.  If the cell 

type has a relatively unique morphology, such is the case for Purkinje cells, cresyl 

violet staining alone may suffice for identification and capture.  In these types of 

experiments population each neuron must be individually captured and the amount of 

RNA acquired is small.  For example, approximately 300 dopaminergic cells contain 

around 10-20 ng of RNA102.  With two rounds of amplification microarray analysis is 

possible but RNA-Seq has required substantially more RNA input.  Picelli et al. created 

a method called Smart-seq2 for creating cDNA libraries from single captured cells with 



 

 12 

pictogram amounts of RNA103, and Deng et al. used this method with single cells from 

mouse embryos demonstrating that minimal amounts of laser captured cells can be used 

for robust RNA-Seq analysis104.  In their study analyzing gene expression in hundreds 

of singular mouse cells they found a number of genes show expression for only one 

allele in a completely stochastic manner illustrating the heterogeneity in individual 

cells.  

 

1.6 THE DEVELOPING BRAIN 

The cellular and molecular complexity of the mature adult brain discussed is influenced 

by processes in development and by the formation of neuronal circuits that are 

experience dependent105,106.  Brain development requires the coordinated expression of 

many genes in a spatially and temporally appropriate context107,108.  A number of 

studies have employed microarray technology in an attempt to study the molecular 

changes occurring during brain development on a genome wide scale109–112.      

 

There are many examples of regulated alternative splicing in neuronal 

development50,113.  In mice, fetal Mapt has only minor incorporation of exon 10 but by 

postnatal day 24 all tau contains this exon114.  The glutamate receptor gene Gria2 has a 

pair of mutually exclusive exons leading to two splice isoforms, flip and flop115, and in 

rats the isoform containing the flip exon is expressed at stable levels throughout 

development while the isoform incorporating flop is low until postnatal day 8116.  In 

general, retention of introns is also high in the brain and is developmentally regulated 

as levels of retention are higher in the fetal brain as compared to the adult54. One 

example of intron retention during development is in the role Robo3 plays in axon 

guidance117.  The Robo3 isoform captaining an intronic sequence (Robo3.2) is 

expressed but translationally repressed allowing for attraction to the spinal cord 

midline. Once the axon crosses the spinal cord midline, it receives signals from the 

floor plate to translate Robo3.2 allowing nonsense-mediated decay to occur, causing 

repellence away from midline. The brain also has been found to have longer 3’UTR 

regions than 41,62 and this lengthening of UTRs occurs during development118. 

 

A-to-I editing also seems to be important in development. ADAR2 knock out mice 

demonstrate perinatal lethality, dying of seizures a few weeks after birth76, while 

knocking out ADAR1 is embryonic lethal, although this seems to be due to lack of 
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erythropoiesis in the liver119.  Looking at 28 specific editing sites across development in 

the mouse brain Wahlstedt et al.  found that the majority showed a relatively low 

editing efficiency that increased over time33. 

 

1.7 AGING IN THE BRAIN 

One of the strongest risk factors for neurodegenerative diseases is age120,121.   Aging of 

the brain is a complex set of events that include both aspects under genetic control and 

stochastic events122.  While the molecular mechanisms underlying aging are poorly 

understood, several studies have shown correlations in gene expression levels and aging 

in the human brain123–126.  However, comparing these datasets reveals that only a few 

age-related expression changes have been consistently found.  Kang et al. observed that 

while abundant and drastic expression changes were seen during prenatal development, 

the changes in adult aging were fewer and tended to be more modest127. To date, no 

reports using RNA-Seq to study aging in the brain have been published and so it 

remains possible that there are additional associations with aging that are yet to be 

identified. 

 

Singular examples of aberrant splicing have been shown to play a role in 

neurodegenerative diseases.  For example, an unbalanced ratio of splice isoforms of 

MAPT has been found in FTLD (frontotemporal lobar degeneration)128,129.   There is 

some evidence that changes in splicing occur during normal aging.  For example in, 

Harries et al. have reported that deregulation of mRNA processing occurs with aging in 

human blood130.  In a study done in human brain, splicing changes associated with 

normal aging were also found in FTLD and AD (Alzheimer’s Disease) cases 

irrespective of age131, illustrating how aging may predispose the brain to certain 

neurodegenerative diseases.   

 

Finally there are potential links between RNA editing and aging.  ADAR2 and ADAR3 

are reported to contain SNPs that are associated with extreme old age in the New 

England Centenarian study, and these findings were replicated in three independent 

centenarian datasets132.   Knocking out either of the ADAR orthologues decreased 

lifespan in the model organism Caenorhabditis elegans.  ADAR2 knockout mice die 

shortly after birth, but if these mice also carry a mutation for the edited base in Gria2 

they have normal life spans76 indicating that ADAR2 may have a stronger role in 

development versus aging.  Focusing on ADAR output, Holmes et al. quantified the 
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amount of editing per site in a selected number of sites in rat but did not find any 

differences associated with aging62.  However, a study in human brain found an age 

related decrease in editing of Cyfip2 but not in Gabra3134.  The differences between 

studies may be explained by the fact that mice and rats lack a long enough life span to 

reach these age related transcriptomic changes, or that an association between aging 

and ADAR activity may be unique to humans.  One possible way to interrogate 

associations of editing with aging in an unbiased manner would be to use RNA-Seq on 

a human brain cohort with a suitably large age range.  
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2 AIMS 

The goal of my thesis project is to gain a better understanding of the complexity of 

the brain transcriptome at several different levels, using both human brain 

samples and model organisms. I initially focused on the interplay between genetic 

variation and gene expression in the human brain, generating a data set that can 

be used to elucidate potential associations between normal genetic variation and 

disease.  As well as genetic variants, a major risk factor for neurological diseases is 

aging.  I therefore also focused on normal aging in human post mortem brain to 

find age related gene expression changes that may prime the brain for 

neurodegenerative conditions.    

 

A major aim of my thesis work was to shift the gene expression quantification 

technique from microarray to RNA-Seq.  As there are many well-documented 

transcriptomic changes during development, I generated a preliminary dataset of 

embryonic versus adult mouse cerebral cortex.  The discovery that RNA-Seq could 

be used to find and quantify RNA-editing sites lead to further characterization of 

A-to-I editing in a knock out mouse model. Finally, I then applied the RNA-Seq 

methods to human brain samples with a view to revisiting the relationship 

between age and gene expression.     

 

Aim 1: Quantify mRNA abundance in human brain and blood samples using 

microarrays and query the relationship between GWAS risk variants and eQTLs. 

Aim 2: Quantify mRNA abundance in human brains and laser-captured Purkinje 

cells across age ranges using microarray to find potential associations between 

gene expression and aging.   

Aim 3: Quantify expression, splicing, and editing in E17 and adult mouse cerebral 

cortex using RNA-Seq to discover differential transcriptomic events.   

Aim 4: Quantify expression, splicing, and editing in Adar2-/- Gria2R/R and Adar2+/+ 

Gria2R/R littermate controls using RNA-Seq to find ADAR2 specific substrates and 

examine the potential role of ADAR2 in gene expression and splicing regulation.   

Aim 5: Quantify expression, splicing, and editing in the human brain series using 

RNA-Seq to find associations between transcriptomic changes and aging. 
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3 MATERIALS AND METHODS 

3.1 RNA EXTRACTION 

I extracted total RNA from fresh frozen brain using a tissue homogenizer and trizol 

(papers I-V).  Peripheral blood was collected using PAXgene tubes and RNA was 

extracted using the PAXgene Blood mRNA kit according to the manufactures protocols 

(paper I).  For Purkinje cell isolation (paper II) tissue was immersed in Shandon M-1 

embedding matrix and stored at −80°C until use. Cryostat sections (7–8 μm thick) were 

cut and stained with Cresyl Violet. Laser-capture microdissection was performed with 

ArcturusXT microdissection system. Between 70 and 150 excised Purkinje cells were 

selected from the slide surface and captured on LCM Macro Caps. Cellular RNA was 

recovered from the collected cells using PicoPureTM RNA isolation kit and treated 

with RNase-free DNase. RNA quality was measured using either the 260 to 280 ratio 

using a nanodrop (paper I) or the Agilent 2100 Bioanalyzer RNA Nano Chip (papers II-

V).    

 

3.2 MICROARRAY 

Samples were biotinylated and amplified using the Illumina® TotalPrep-96 RNA 

Amplification Kit (papers I-II). Two rounds of amplification was necessary for Purkinje 

cell RNA and was carried out with the Ambion MessageAmp II aRNA kit (paper II). 

Amplified RNA was hybridized onto HumanHT-12_v3 Expression BeadChips 

(Illumina). These arrays contain 48,804 probes estimating expression of ~25,000 

annotated genes from the RefSeq (Build 36.2, release 22) and Unigene (Build 199).  

Raw intensity values for each probe were normalized using cubic spline in BeadStudio 

(Illumina) then log2 transformed. Individual probes were included in analysis if they 

were detected (P < 0.01) in more than 95% of samples in the series.  

 

3.3 QRT-PCR 

We synthesized cDNA from Trizol-extracted RNA using the SuperScript III First-

Strand Synthesis System.  We measured cDNA abundance using Sybr Green on an 

Applied BioSystems HT-7900 qRT-PCR system. We performed serial dilutions of 

cDNA to find primer pairs with 100% efficiency and a single product on the 

disassociation curve. We used Ppid and Ubc (paper III) or β-actin (paper II) as 

normalization genes. In paper III regression was used to compare estimates of fold 
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differences found in RNA-Seq as compared to qRT-PCR.  In paper II relative 

expression levels were then plotted against age after correction for other known 

covariates. 

3.4 GENOTYPING 

In paper I genomic DNA was extracted using phenol–chloroform and genotyping was 

performed using the Illumina Infinium HumanHap550 v3, Human610-Quad v1 or 

Human660W-Quad v1 Infinium Beadchip and common SNPs across all platforms were 

identified for each sample. SNPs were excluded if they showed < 95% genotyping 

success rate per SNP, minor allele frequency (MAF) < 0.01 or Hardy–Weinberg 

equilibrium (HWE) p-value < 1 x 10-7.  Markov Chain based haplotyper was used to 

impute non-assayed genotypes for blood and brain datasets independently using the 

June 2010 release of the 1000 Genomes Project build-36 reference panel, using default 

settings for MACH. Imputed SNPs were excluded from the analysis if their minor 

allele frequency (MAF) was < 0.01 and if their r2 was < 0.3.  Trait and disease 

associated SNPs were extracted from the NHGRI catalog of published GWAS at 

http://www.genome.gov/gwastudies/ on July 30th 2011. Analyses were restricted to the 

following criteria: discovery p-value < 1 x 10-8, initial sample size > 1000 (or 1000 

cases in binomial analyses), replication sample size > 500 (or 500 cases in binomial 

analyses), number of SNPs > 100,000, samples of European ancestry and risk allele 

frequency of SNP(s) greater or equal to 0.01.  

 

3.5 EXPRESSION QUANTITATIVE TRAIT LOCI 

In each brain region, mRNA probes within 500 kb of the chromosomal location of 

each SNP were incorporated into linear regression modeling using 

MACH2QTLv1.08 in paper I. Estimates of the association between the allelic dose of 

each SNP as a predictor of proximal gene expression levels were generated. These 

linear regression models were adjusted for both biological and methodological 

covariates which are known to affect expression profiles135. SNPs with fewer than 3 

minor homozygotes detected (based on either genotyped SNPs or maximum 

likelihood genotypes from imputation) were excluded from analyses. A consensus set 

of results was extracted from the frontal cortex, cerebellum and blood eQTL datasets 

with identical overlapping combinations of GWAS SNPs and proximal cis mRNA 

probes. 
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Significant associations were determined within each tissue type using a 5% FDR 

adjustment for multiple testing. Proportions of tested associations were calculated per 

tissue based on this subset of the eQTL results, and were compared using chi-squared 

tests. 

 

3.6 CALCULATING ASSOCAITIONS BEWTEEN AGING AND 

EXPRESSION 

In paper II we used genotype data to perform a principal components analysis for 

identity by state of genotype and took the first two principal components, PC1 and 

PC2, from this analysis to estimate overall genetic distance within the sample series. 

Cubic spline normalization was applied to raw output from array scans, then expression 

values were corrected for known covariates of gender, post-mortem interval (PMI), 

principal components PC1 and PC2 from genotyping and hybridization batch using 

multivariate regression the same as in eQTL analysis above except that age was not 

specified in the model.  The residuals for expression after covariate correction were 

then tested against age using linear regression. P-values were adjusted for multiple 

testing using a false discovery rate (FDR) correction set at 0.05. Probes were included 

if detected in >95% of samples in each series for frontal cortex and cerebellum, while 

in the Purkinje cells dataset only probes that had shown prior evidence of association in 

the above datasets were tested. 

 

3.7 WGCNA ANALYSIS 

In paper II the R-based package WGCNA (Weighted gene correlation network 

analysis) was used for a weighted network level analysis136. Twenty-seven consensus 

modules for genes with similar expression patterns were identified using the discovery 

and replication dataset in the frontal cortex and cerebellum as well as the Purkinje cell 

dataset. Covariates were tested for correlation with each probe and then tested for 

module membership.  Enrichment for Gene Ontology (GO) terms within modules was 

performed using DAVID137,138. 

 

3.8 RNA SEQUENCING  

We used either purified poly(A)+ RNA (papers III, V) or total RNA (paper IV) for 

cDNA library synthesis.  mRNA libraries were created using the mRNA-Seq prep kit 
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with oligo(dT) priming as per the manufacturer’s protocol (papers III, V).  Total RNA 

was processed using ribo-Zero gold rRNA removal beads and then libraries were 

synthesized using the Tru-Seq stranded total RNA sample preparation kit as per the 

manufacturer’s protocol (paper IV). In paper III we hybridized a single library to each 

lane of a flow cell and 80-bp single end sequences were generated using an Illumina 

GA-II sequencer.  In paper IV samples were multiplexed and six libraries were 

hybridized to a lane with 100-bp paired end sequences being generated using the Hi-

Seq.  In paper V a single library was hybridized to each lane with 100-bp paired end 

sequences being generated using the Hi-Seq 2000. 

3.9 ANAYLSIS OF GENE EXPRESSION IN RNA-SEQ DATA 

Fastq files were aligned to the mouse reference genome (mm9) using Tophat and 

Bowtie (paper III and IV) applying the ensembl gtf option with the 

Mus_musculus.NCBIM37.61 gtf (a gene transfer format file) to build bowtie indexes 

(paper IV).  For paper V fastq files were aligned to the human reference genome (hg19) 

using Tophat and Bowtie applying the ensembl gtf option with the GRCh37.59 gtf to 

build bowtie indexes.  Reads were annotated and quantified to a given gene using the 

Python module HT-SEQ.  For gene counts the same ensembl gtf mentioned above was 

used to provide reference boundaries. We used either the R/Bioconductor package 

DESeq (paper III) or DESeq2 (paper V) for library size normalize and to perform a 

variance-stabilizing transformation139. Poisson distributions of normalized counts for 

each transcript were then compared across samples either using a negative binomial test 

(paper III and IV) or a generalized linear model (paper V). Multiple testing was 

corrected for using the Benjamini-Hochberg procedure. 

 

3.10 STATISTICAL ANALYSIS OF ALTERNATIVE EXON UTILIZATION 

In paper III an in house gtf was built with exon start and stop locations to quantify reads 

that fell within exon boundaries, and junction reads were analyzed separately with the 

start position and end position being treated as independent measures. We then used the 

ratio of gene count to exon count as input for DE-SEQ, specifically using gene/exon 

rather than exon/gene because the latter would be fractions and not suitable for DE-

SEQ, which requires integers. In paper IV the NCBIM37.61 gtf was flattened with the 

python script found in HT-SEQ to create the appropriate counting bins needed for 

downstream exon analysis.  We then used R/Bioconductor package DEXSeq140 for 
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library size normalize, variance-stabilizing transformation, and differential usage. 

3.11 EDITING ANALYSIS 

For papers III and IV BAMS (binary sequence alignment map format files) were first 

filtered for only singly mapped reads.   Variants were then called for each sample using 

SAMtools pileup with mm9 as a reference.  We created a merged table to include only 

variants shared by all samples within a given group. We extracted variants within a 

gene boundary and with A-to-I changes. Finally, we submitted sequences containing 

the candidate edit sites to UCSC BLAT to distinguish reads with single mismatches to 

the genomic sequence due to RNA editing from those due to inappropriate mapping to 

another part of the genome. We accepted candidate edits if the best scored alignment of 

the read included the site of the edited base from the original alignment; if there were 

multiple genomic alignments of equal or higher score, then the candidate edit site was 

discarded. For paper V variants for each of the 43 conserved sites found by Pino et 

al.141 were called as a listed input for each sample using SAMtools pileup with hg19 as 

a reference.  We calculated percentages using the total number of called bases at each 

site and dividing them by the number of edited sites.   

 

3.12 RNA EDITING VALIDATION BY RT-PCR AND SEQUENCING  

In paper III cDNA was made from RNA extracted with trizol using the Supercript III 

First-Strand Synthesis System from Invitrogen.   We designed primer pairs that were 

approximately 150 base pairs away from the editing site and spanned an exon junction 

to avoid genomic DNA amplification. We also designed a genomic DNA primer to 

span the same site that amplified a product of similar size when used with one of the 

cDNA primers.  Amplification of cDNA and genomic DNA was then performed with 

Fast Start Master Mix.  Products were separated on a 1.5% agarose gel, cut out and 

extracted DNA using a QIAquick gel extraction kit. We cloned DNA into the PCR8-

TA cloning vector (Invitrogen) in One Shot Mach1-T1 Chemically competent cells and 

sequenced 24 colonies from three biological replicates for each edit site and 12 colonies 

from genomic DNA using a 3730 capillary sequencer.  
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4 RESULTS AND DISCUSSION 

4.1 PAPER I 

Genome-wide association studies (GWAS) have played a useful role in finding many 

single nucleotide polymorphisms (SNPs) associated with common traits, including 

diseases.  These studies generally do not, however, demonstrate direct biological 

relevance of disease associated SNPs. Expression quantitative trait loci (eQTL) studies 

look at the association between SNPs and gene expression levels. Therefore, in paper I 

we extracted all known SNPs associated with human traits based on GWAS and used 

these SNPs for eQTL discovery. eQTLs discovered in this manner would suggesting 

altered gene expression levels may underlie the  GWAS association. Choosing the 

tissue type that is relevant to the disease or phenotype observed is an important 

consideration when measuring gene expression levels in eQTL experiments.  While it 

may be easier to procure a blood sample than brain, one must consider that there are 

likely to be unique expression patterns in each tissue type not shared with the other.  

We therefore compared eQTLs in both blood142 and brain86 to gain a better 

understanding of how informative blood can be for brain related phenotypes.  Like 

previous eQTL studies involving more than one tissue or cell type, we found a small set 

of shared eQTLs across both tissues. eQTLs that were shared across tissues tended to 

have a larger effect sizes than tissue specific eQTLs143–147.  Looking at tissue specific 

eQTLs there was a subset in which the gene was not expressed in measurable levels in 

other tissues.  An example of this is the blood specific eQTL found for LRAP/ERAP2 

and rs2549794 a SNP associated with Crohn’s disease148, which was not expressed in 

brain at detectable levels.  However, when restricting the analysis to genes expressed in 

both tissue there were still examples of genes with similar expression levels but where 

there was a difference in how the genetic variants associated with transcript levels 

(Figure 4).  This study underlines the importance of tissue type in expression studies, 

and demonstrates GWAS data paired with eQTL data can yield biologically 

informative results. 
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Understanding the interplay between genetic variation and gene expression in the 

human brain can be used to help elucidate associations between normal genetic 

variation and disease.  We conclude that eQTL data from an appropriate tissue can be 

compared to GWAS nominated SNPs, giving a potential explanation of expression 

level changes as the cause of disease associations. 

 

4.2 PAPER II 

In paper II, we measured gene expression from bulk extracted frontal cortex and 

cerebellum from human brains across a wide age range, a replication dataset, and in 

isolated Purkinje cells collected via LCM.  We found that several associations between 

age and gene expression carried over from the discovery dataset to the replication 

dataset, with the caveat that the replication set had a smaller sample size.  Interestingly, 

more genes with age-associated changes were found in frontal cortex versus 

cerebellum.  This was consistent with data published by Fraser et al.149,  and may 

support the theory that differing brain regions age at differing rates.  In the laser 

captured Purkinje microarray expression dataset we noted increases in cell specific 

makers such as PCP2150 indicating effectiveness of the technique.  Looking only at 

significant expression age associations from the frontal cortex or cerebellum to 

interrogate potential correlations in LCM there were five genes with the greatest 

support for significance including some that were not significant in bulk cerebellum 

(Figure 5).  Comparing these hits to another brain dataset from Colantunoni et al. we 

found four out of these five to be significant illustrating the robustness of our 

findings151.   This work is of particular importance as it demonstrates that LCM 

samples can be used as input to measure gene expression using microarray 

technologies. 
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Figure 5. This figure illustrates the replicated age associated, with each plot 

showing associations between age and residual expression.  Frontal cortex is on 

the left hand panels, cerebellum is the central panels while Purkinje cells are on 

the right. 
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4.3 PAPER III 

Although measurements of gene expression have been performed using microarrays, 

this approach generally considers each 'gene' as a single unit. However, many tissues 

including the brain, in particular, show a large number of splicing and editing events. 

With this depth of complexity in mind, we chose to use newly developed RNA-Seq 

techniques to capture and quantify transcriptomic events in a global and unbiased 

manner. RNA-Seq is, however, still in its nascent stages with little consensus on how to 

handle data processing and quantification.   We therefore generated a preliminary 

dataset in paper III using RNA sequencing on samples from the cerebral cortex of 

embryonic day 17 and adult mouse brains.  We decided to use mouse as it is a 

commonly used laboratory model organism, and there is a wealth of published 

information on differential expression, splicing, and RNA editing in pre- and post-natal 

tissue.  These published differences were therefore used to estimate the accuracy of the 

results found by deep sequencing methods. Our analysis revealed that there are 

numerous differences in RNA expression, splicing, and editing between embryonic and 

adult tissue.  There were over 4,000 genes that were differentially expressed (Figure 6).  

 

Figure 6. Differential expression, with log2 fold differences in normalized 

expression in adult and embryonic cerebral cortex plotted on the x-axis and the –

log10 adjusted p-value on the y-axis.  Genes are colored based on the log10 base 

mean expression 
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Gene ontology analysis illustrated that genes more highly expressed in the adult brain 

had more enrichment in neurotransmission or ion homeostasis while the majority of 

genes with higher expression in the embryonic brain were involved with cell division, a 

finding that is recapitulated in other studies109–111,152.  We found 387 exons that were 

differentially expressed with a fairly equal division of significance between adult and 

embryonic brains (Figure 7).   

 

 

Figure 7. This is the alternative exon utilization with proportion of inclusion of 

each event in the adult on the x-axis and the proportion of embryonic on the y-

axis.  

 

In our analysis of A-to-I editing we discovered 176 sites with a majority of these 

residing in the 3’UTR repeat regions of genes (Figure 8), a finding that has been 

reported in previous studies153–156.   
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Figure 8. The is the average percentage edited for each A-to-I site in the adult  

cortex on the y-axis and the embryonic cortex on the x-axis. 

 

Interestingly there is an increase in editing sites, mostly in the coding region, over 

development.  These results were biologically robust as they validated in a second 

animal cohort, and accurate as they were confirmed with more traditional quantification 

methods.  Our RNA-Seq dataset has also been made publically available for additional 

data mining. 

 

4.4 PAPER IV 

We performed RNA-Seq on the frontal cortices of ADAR2-/- GRIA2R/R mice and their 

ADAR2+/+ GRIA2R/R littermates, quantifying overall gene expression splicing and most 

importantly editing transcriptome wide.  We found 71 editing sites that had at least 

partial ADAR2 specificity with a majority of these being in the coding region of genes 

(figure 9) 
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.    

Figure 9.  A-to-I editing percentages with control on the x-axis and ADAR2-/- 

GRIA2R/R on the y-axis. 

 

It has been found in previous studies that ADAR2 shows a base preference immediately 

before and after the edit site71, but aligning all differential edits in our dataset did not 

yield any sequence specificity.   Interestingly, besides ADAR2 expression, there was 

only a single statistically significant differentially expressed gene, Flnb.  Also, despite 

the finding that ADAR2 may associate with spliceosomal proteins157, there were only 

three exons that showed statistically significant usage with none of these signals 

reaching two fold.  This work illustrates the importance of ADAR2 in site-specific 

changes of protein coding sequences but also suggests that ADAR2 does not have a 

major role in splicing or gene expression in vivo. 

 

4.5 PAPER V 

Previously we have used microarray technologies to show correlations in gene 

expression levels and aging in the human brain in an attempt to better understand the 

molecular mechanisms of aging. In paper II we only found five age-related expression 

changes that were consistently significant in multiple datasets. To further explore the 

association between aging and gene expression we decided to employ RNA-Seq on 60 

neurologically normal human brains of varying ages.  We found a large number of 
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genes that are associated with aging including several that had not previously been 

identified by microarrays.  These gene expression changes also had consistent 

biological relevance as those that decreased with age were more involved in synaptic 

transmission while those that increased had more involvement in immune response 

(examples in Figure 10).  

   

 

Figure 10.  This is a plot illustrating examples of age associated gene expression 

changes.  On the left panel is GRIK1, a gene involved in synaptic transmission, 

while the right panel is CFH, a gene involved in the immune response. 

 

Although we only found sex chromosomal genes were differential expressed when 

comparing male versus female frontal cortices, a study using exon arrays found splicing 

differences in autosomal genes in frontal cortex when comparing across gender158.  

This finding illustrates the need for an in depth splicing analysis of out dataset for both 

potential gender and age differences.  Finally we found a single editing site, in the gene 

cdh22, to be associated with aging. These results show that RNA-Seq can be used to 

identify novel associations between aging and gene expression, including editing 

changes.     

 



 

 30 

5 CONCLUSIONS 

Paper I: 

 Tissue specific eQTLs were found 

 Some unique eQTLs were due to the gene only being expressed in that 

particular tissue 

 This study illustrates the importance of using the correct tissue in eQTL 

mapping 

 It also demonstrated that SNPs found in GWAS paired with expression can 

yield biologically informative results 

Paper II: 

 Many genes show some evidence of age-association in the human brain but 

they are often modest 

 Only a small subset of associations carried over from the discovery set to the 

replication set 

 More genes with age-associated gene changes were found in the frontal cortex 

as compared to the cerebellum supporting the theory that brain regions age at 

different rates 

 Comparing LCM to both datasets there were five genes with the greatest 

support for significance 

Paper III: 

 There was a large set of statistically significant differentially expressed genes  

 Differential exon usage was found in both adult and embryonic  

 Both novel and previously cited editing sites were found and quantified 

 Some edit sites increased with age, most commonly those found within the 

coding region of genes 

Paper IV: 

 Adar2-/-/Gria2R/R mice have decreases in multiple editing sites with the majority 

being found in the coding regions of genes as compared to their littermate 

controls 
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 Adar2-/-/Gria2R/R mice do not have major differences in total gene expression or 

splicing as compared to their littermate controls, arguing against ADAR2 

playing an important regulatory role in these pathways. 

Paper V: 

 Batch, PMI, and RIN have an affect on gene expression as measured by RNA-

Seq 

 Only genes found on sex chromosomes were differentially expressed when 

comparing male versus female samples but the strength of these genes were 

large 

 A large number of genes had a more modest association with age 

 Those genes with a decrease in expression across age had a gene ontology 

enrichment in synaptic transmission.  Genes that were more expressed with age 

showed the strongest association with GO categories in immune response 
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