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Abstract

The first chapter of this thesis addresses a common problem in genomics experiments: interpreting a re-
sulting “hit list” of interesting genes. We present work on an approach for summarizing and exploring “hit
lists” that makes use of the large amount of gene expression data in public repositories such as the Gene
Expression Omnibus. We compare the query list with datasets that we have analyzed for differential expres-
sion of genes. Studies that have similarities to the given hit list yield additional insights, help contextualize
studies, and serve as a basis for future meta-analysis. A conceptually similar problem that we addressed
is the classification or clustering of datasets based on patterns of differential expression. Both problems
required a method for determining distances between datasets based on rankings of genes. We tested and
benchmarked several methods using manually annotated datasets. The method that performed best accord-
ing to our evaluation process is based on Kendall’s Tau top-k distance. We investigated potential sources of
confounds, finding that the largest challenge may be posed by the high prevalence of certain gene expression
patterns. These highly prevalent patterns tended to dominate search results. Nonetheless, we demonstrated
the effectiveness of this approach in a case study.

In the second chapter, we investigated the role of microRNAs in the context of major depression and
suicicide. We profiled microRNA and messenger RNA levels in post-mortem prefrontal cortex and hip-
pocampus brain tissue of depressed suicides, suicides, and controls. In the prefrontal cortex, we found
miR-1202 to be down-regulated in suicides versus controls, and LCT (lactase enzyme) was up-regulated
in suicides or depressed suicides compared to controls. The former result was independently confirmed
using quantitative PCR. While further study is needed, our results have the potential to provide insight into

molecular changes in the brains of depressed and suicidal individuals.
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Preface

Chapter 2 presents work that was done in collaboration with Dr. Gustavo Turecki, Juan Pablo Lopez, and

Bharatkumar Patel at the McGill Group for Suicide Studies. I was responsible for the bioinformatic analysis.
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Chapter 1

Wide-scale Comparison of Transcriptome
Data

1.1 Introduction

Public repositories of gene expression data provide a wealth of opportunities for re-using data to generate
novel findings and hypotheses for follow-up analysis [14, 105, 118]. However, the repositories merely store
the data and do not provide a straightforward means of conducting queries, e.g. finding studies where a gene
of interest is correlated with an experimental factor. Gemma (www.chibi.ubc.ca/Gemma/), a framework
for the meta-analysis of gene expression data, provides an interface for querying data to find experiments
where a query gene is relevant. The natural progression is to allow querying of groups of genes, i.e. gene
sets, and ranked continua of genes to allow comparisons among complete experiments. Retrieving similar
experiments in this data-driven fashion would aid biologists in viewing their experiments within the context
of previously published studies and provide the potential for novel insight. Studies with similar expression
signatures may have conditions that modulate the same pathways. Comparing complete experiments would
also offer a better characterization of the complete transcriptome landscapes, e.g. the set of gene expression
states available.

Comparing data that has been independently collected presents a number of challenges. Differences in
a single study may be subtle; sometimes only involving a small number of genes. At the same time, there
may be experimental and biological confounding factors, which can make comparing studies difficult. A
suitable metric for comparing studies needs to be both sensitive and robust. Current methods are based
on correlation, gene overlap, or similarity in enriched gene sets, and may employ a threshold to select
differentially expressed genes (DEGs). Thresholds are typically used, as genes that are not differentially
expressed, usually did not pass the threshold and may have random ranks. A drawback of a threshold
is that it is difficult to decide upon a universally acceptable one due to the diversity of statistical power
within studies, resulting in relevant genes below the threshold. In contrast, threshold-free methods, such as
Gene Set Enrichment Analaysis (GSEA) [109] and Rank-rank Hypergeometric Overlap (RRHO) [87], use
the complete ranked list of genes rather than a threshold truncated set of genes. GSEA is gene set-based



approach relying on gene annotations. Gene set-based approaches are recommended in order to increase the
overlap in signatures; however, many genes lack annotations and they can be biased to certain biological
processes [55].

We approached the project from two perspectives: information retrieval and a wide-scale meta-analysis
perspective. In the former perspective, the query is a gene expression profile, and the target database is a set
of profiles from public repositories. We compare the query to all the profiles in our database to return a list of
profiles ranked by relevance, which we call a “similarity profile”. The latter perspective of wide-scale meta-
analysis may offer new insight into the reproducibility and comparability of public microarray data, as well
as offer a broad characterization of the transcriptome landscape. Previous such studies have offered insight
into pathophysiological reproducibility, gene dynamics (when and how genes change expression), disease
signatures, and gene-phenotype signatures [26, 73, 76]. We intend to link both perspectives; in developing a
better understanding of the general characteristics of microarray data, we can refine the information retrieval
framework.

Existing tools or resources for querying microarray data are Connectivity Map (cMap) [64], GEM-
TREND [31], MARQ [114], MASTA [94], NextBio [62], HORMONOMETER [115], FARO [68], and
AtCAST [100]. The cMap compared gene expression profiles of cells treated with small molecules, infer-
ring similarities between drugs. MARQ is a tool for mining the Gene Expression Omnibus (GEO) [118]
freely available at marg.dacya.ucm.es. They applied their tool towards identifying the common signature
for cell wall remodeling in response to cell wall stress. GEM-TREND is another tool used for mining GEO,
and is targeted towards network discovery, having implemented a network visualization interface. NextBio
provides their service for mining publicly shared repositories to paying customers (www.nextbio.com). This
service was used by Hoenerhoff ef al. to compare human hepatocellular carcinoma (HCC) to mouse HCC,
identifying the dysregulation of several mediators similarly altered across species [47]. The AtCAST tool
explored relationships among Arabidopsis thaliana datasets by building a “module-based correlation net-
work”. cMap, MARQ, GEM-TREND, NextBio and AtCAST are all based on the GSEA method [109].
In contrast, while also search tools for Arabidopsis thaliana microarray datasets, MASTA and FARO use
overlap in DEG lists, and HORMONOMETER is correlation-based. MASTA is focused on identifying po-
tential chemical inhibitors/activators and genetic suppressors/enhancers. HORMONOMETER was used for
evaluating transcriptome response similarities between hormones and external pH [63].

The first part of the project was an assessment of the general characteristics and trends of microarray
data. Next, we performed pair-wise comparisons of all datasets using multiple metrics: a rank threshold
approach, a gene set threshold approach, and a simple threshold based approach. The three method types
were evaluated using a framework that utilized the metadata or annotations from dataset descriptors to give
some idea of the relative performance (see Figure 1.1). This framework relied on real microarray data
downloaded from public repositories, and as a result, we lacked a true gold standard. However, by using
real biological data, we can give insight into challenges under real-world conditions and suggest possible

avenues of future development.
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Figure 1.1: Evaluation pipeline for comparing gene expression signatures.

1.2 Methods

1.2.1 Data Pre-processing

We detail the procedure for the statistical analysis and probe mapping, i.e. the mapping of microarray probes
to genes, though these procedures were Gemma-based analyses outside the scope of this project.

Statistical Analysis

Microarray data from public repositories such as the Gene Expression Omnibus (GEO) and ArrayEx-
press [14, 105, 118] were loaded into Gemma, a framework for the meta-analysis of gene expression data
(www.chibi.ubc.ca/Gemma/). A subset of studies were automatically analyzed for differential gene expres-
sion for up to 3 factors; interactions were omitted if there was more than 2 factors. Thus, the following
analysis types were supported, one-sample t-tests (rare), t-tests between two levels, one-way ANOVA, two-
way ANOVA with or without interactions, and three-way ANOVA without interactions. T-test or ANOVA
p-values were corrected for multiple testing using the method described in [108]. We refer to the analysis
results for a single factor or interaction in an experiment as a “result set”. Thus, a single dataset may have
more than one result set, e.g. GSE9806, a time course study on the effects marinobufagenin in human dermal
fibroblasts, has three associated result sets: sampling time, treatment, and the interaction between sampling
time and treatment. This is of significance in the evaluation where we used dataset annotations so that result

sets had to be summarized.



Probe Mapping

The Gemma framework does not use the annotations provided by the microarray manufacturers and in-
stead uses an in-house protocol for mapping, employing the probe sequences to improve cross-platform
consistency [72]. Briefly, probes were aligned to the reference genome using BLAT, and then the UCSC
GoldenPath database was used to identify the gene at the aligned region [5]. We identified and removed
non-specific alignments such that we only used probes which mapped to a single gene. When multiple
probes mapped to a single gene, we took the median across the probes.

To compare mouse and human transcriptome profiles, we used the HomoloGene database to define
orthologs [118].

Quality Control

In pilot studies, we found that datasets which have extreme amounts of differential expression resulted in
low performance when comparing profiles, particularly with rank-based methods, as differential expression
of a gene tended to be binary in such cases. Similarly, result sets which have no differential expression were
uninformative. Thus, we filtered out result sets that have no g-values less than 0.3, or g-values less than 0.05
for more than 50% of the genes.

We assessed the impact of the data quality on the evaluation, examining outlier samples and batch
effects. A sample was considered an outlier if it was not well correlated with any other sample (a correlation
coefficient higher than 0.90 or the 85th percentile of all sample pair-wise correlation coefficients). Under
this criterion, roughly 30% of the datasets in Gemma had an outlier. Batch effects were also investigated
in a separate analysis using batch information available in Gemma. The batch factor was determined from
sample processing dates, and the degree to which it affected the data was determined by its correlation with

the principal components, with other experimental factors, and with the expression of individual probe sets.

1.2.2 Comparison Methods

Expression profiles were compared as binary DEG profiles, continuous rank profiles, or binary enriched
Gene Ontology (GO) term profiles.

In the binary DEG profiles, a gene has a score of 1 if it was considered differentially expressed (q-value
< 0.05), otherwise its score was 0 or NA if the gene is not tested on that platform. GO profiles were similar
to binary profiles except they were at the GO gene set level. A GO term had a score of 1 if a Fisher’s
exact test (implemented in GOstat) determined that its members were over-represented among the DEGs
(p-value < 0.05) [6]. Binary gene and GO profiles were compared using Jaccard distance J5(A, B), which is
complementary to the Jaccard similarity coefficient J(A,B):

_|AnB|
|AUB|

Js(A,B)=1-J(A,B)=1 (1.1)

The Jaccard coefficient, when comparing two profiles, can be thought of as the fraction of concordant DEGs.
Rank profile comparisons used a rank transformation of the p-value scores. Rank profiles were compared

using the top-k Kendall distance algorithm described in [29]. This method gave a measure of distance
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between the top or high scoring genes of a data set profile. We focused on the top of the gene list, since
these genes were less likely to be influenced by experimental variability. Specifically, we used the top
5% of genes in a dataset; we experimented with other threshold valuesfor optimal results according to our
evaluation process.

As there was a concern that genes with low information content were resulting in uninformative simi-
larity between expression profiles, we also compared rank profiles between datasets using the top-k Kendall
distance after filtering out genes with low information content. Information content was defined as the
—log,(P(g)) where P(g) was the fraction of all differential expression accounted for by gene g (q-value <
0.05). The filter threshold was the 10th percentile of the information content distribution; this was set using

our evaluation protocol.

1.2.3 Evaluation of Results

We assessed the distance methods using dataset annotations and manual classification of datasets. Since
datasets may be associated with up to three result sets, we summarized the associated result sets by taking
the minimum p-value for a gene. This merged information from all three result sets, such that a dataset
expression profile may represent information from multiple experimental contrasts, e.g. age and treatment
level.

Leon French designed an automated pipeline to annotate each dataset with concepts linked to classes
in open biomedical ontologies [36]. Concept tags were then manually curated for improved accuracy'. We
compared concept profiles between datasets using Jaccard distance.

Evaluation also included the use of a set of result sets manually annotated with a disease. We chose dis-
eases that were sufficiently represented within our database, and for each such disease, we selected relevant
and comparable result sets. For example, for Huntington’s disease, we selected all result sets that contrasted
Huntington’s disease samples versus controls. Result sets classified under the same disease were compared

to each other.

1.2.4 Annotation Enrichment

We analyzed the similarity profile of each dataset to determine enriched dataset annotations. This yielded
some insight into the type of datasets driving the correlation. Term enrichment was calculated using partial
area under the receiver operating characteristic curve (ROC AUC), limiting fall-out, i.e. setting a false

positive rate (FPR) threshold to control the probability of non-relevant datasets in the similarity profile.

1.3 Results and Discussion

1.3.1 Data Overview

After filtering, we were left with 349 mouse and 224 human datasets. These datasets used a variety of

different platforms, although the most common ones use Affymetrix technology (see Table 1.1).

"Manual curations were performed by Suzanne Lane, Lydia Xu, Tamryn Loo, Artemis Lai, and Willie Kwok



ID Name Count
GPL570 Affymetrix GeneChip Human Genome U133 Plus 2.0 79

GPL96  Affymetrix GeneChip Human Genome U133A 46
GPLI91  Affymetrix GeneChip Human Genome U95A 22
(Other) 67
214
(a) Human
ID Name Count
GPL1261 Affymetrix GeneChip Mouse Genome 430 2.0 137
GPLS81 Affymetrix GeneChip Mouse Genome U74A V2 70
GPL339  Affymetrix GeneChip Mouse Genome 430A 2.0 32
GPL260  Caltech 16K cDNA Mouse 29
(Other) 81
349
(b) Mouse

Table 1.1: Number of datasets per platform.

1.3.2 General Data Characteristics

Using our diverse set of experiments studying a variety of factors, we can give some insight into the general
characteristics of gene expression.

Using several statistics concerning the expression dynamics of genes, we made a couple simple ob-
servations. Frequently expressed genes were more commonly differentially expressed, and more variably
expressed genes were more frequently differentially expressed (see Figure 1.2). This made sense as genes
have to be expressed in order to be differentially expressed, and we would expect genes which are more
frequently differentially expressed to exhibit more dynamic range in expression levels (or vice versa).

Awareness of gene dynamics or the probability that a gene is identified as differentially expressed is
important for tasks such as “gene prioritization”, where limited resources impose constraints on the number
of genes that can be included in follow-up analysis. An intuitive notion is that if a gene is frequently
observed as differentially expressed across many different studies, it is likely not pertinent to any particular
target disease or domain of interest. We hypothesized that these genes were involved in a wide range of
different processes, i.e. that they were multifunctional. In fact, the probability that a gene was differentially
expressed was also correlated with its multifunctionality [39] (Figure 1.3). For example, the least frequently
DEGs were enriched for sensory perception GO groups, which were among the least multifunctional (see
Supplementary Table 1.5).

We investigated the gene sets that were enriched among the frequently DEGs. Enriched biological
process gene sets included “protein biosynthesis and degradation”, “NF-xB regulation”, and “cellular respi-
ration” (see Supplementary Table 1.4). Infrequently DEGs had enriched associations with “sensory percep-
tion”, “regulation of nucleotide metabolism”, and “regulation of cAMP” (cyclic adenosine monophosphate)
(see Supplementary Table 1.5). Similar findings were observed by Morgan et al. [76]. They attributed in-
creased frequency with a higher variety of transcription factor regulatory site annotations in the molecular

signatures database [109]. They also observed a conservation of gene dynamics across taxa using homolo-
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Figure 1.2: Global patterns of differential expression correlated with gene variability and expression
levels. FDE: fraction of result sets where a gene is differentially expressed. Rank Median: median
rank of a gene’s expression value. Rank Variance: variance of a gene’s expression rank.



o
©
o o °
°
°
° o
o o .
o o o ° o @
[Te) o o © )
o- I ) °0
°
° o © °,
o o o o
°
° o
o o
& o Sop
c ° o o o
S ° °
o o o ° o o o °
°
[ ° o o 00 o ° o o °
[ (=} ° o °
= [To R o o o
[=8 : [ o
x © o ° o o
w o o o °
— ° oo o ° o
[ o o
5 o 0?© ° ° 4 o o
c o o °
[} o o
= ° °
(] o o o
b= o o o
5 n © o ©
S q e° o °
[=} ° °
o o © o o o o
°
°
°
°
°
°
o )
< °
o °
°
°
T T T T T T

Multifunctionality
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tology terms annotated to a gene. Credit to Jesse Gillis for providing the multifunctionality data.

Human
FDE Rank Median Rank Variance
o | FDE 0.37 0.37 0.12
2 | Rank Median | 0.35 0.69 -0.23
= | Rank Variance | 0.09 20.16 0.35

Table 1.2: Mouse and human gene dynamic signatures were correlated (Spearman’s correlation).

gous genes. We observed that this was the case (see Table 1.2).

1.3.3 Query Use Case: Tauopathies

To demonstrate a use case scenario for dataset querying, we applied the top-k Kendall’s correlation method
with several queries to find similar datasets within our database. In this scenario, we confirmed known sim-
ilarities in expression signatures, providing evidence of the robustness of the query signature. Additionally,
we demonstrated how our results may be used as a starting point for meta-analysis.

The query experiment was a profiling of multiple tauopathies using post-mortem tissue from the medial
temporal lobe (E-MEXP-2280) [17]. Four neurodegenerative diseases were studied in the query experiment:

Alzheimer’s disease, Pick’s disease, progressive supranuclear palsy, and frontotemporal dementia. The



Disease Count top-k p-value Overlap p-value GO p-value

myopathy 14 < 0.0001 0.30 0.001
breast cancer 11 0.0001 0.53 0.03
arthritis 6 0.0004 0.22 0.01
Huntington’s 5 0.004 0.49 0.33
lung disease 11 0.12 0.05 0.17
leukemia 10 0.12 0.54 0.01
encephalopathy 8 0.33 0.001 0.49

Table 1.3: The empirical p-value of average pair-wise expression profile distance in a disease classifi-
cation.

most similar dataset was a study of the aging human brain (GSE1572), where they profiled the postmortem
brain tissue of the prefrontal cortex in neuropathologically normal individuals ranging from 26 to 106 years
of age [67]. A large challenge in studying tauopathies is discriminating between tauopathic-related and
normal age-related changes, due to considerable clinical and molecular overlap. Another significant hit was
a study on Alzheimer’s disease (GSE1297), which profiled brain hippocampi from postmortem subjects with
incipient, moderate, and severe Alzheimer’s disease.

We performed a simple meta-analysis, comparing and contrasting the results of each study using gene
set enrichment analysis (Figure 1.4). From our simple comparison, we can identify gene sets which may
be specific to disease or age, e.g. “generation of precursor metabolites and energy” appeared to be more

specific to the disease state.

1.3.4 Metric Evaluation

Comparing expression profile distances to annotation distances has the caveat that for a single comparison,
we would not necessarily expect the annotation similarity to be similar to the expression similarity. For
example, two experiments studying Huntington’s disease in different mouse models, i.e. with similar anno-
tations, may have quite different differential expression profiles due to the nature of the mouse models. We
would also not expect expression profile distances to have a high correlation with annotation distances for
distantly related datasets, as these longer distances are much noisier.

We evaluated three types of metrics for comparing expression datasets: a simple gene overlap method, a
non-parametric method, and a gene set-based method. According to our comparison using the annotations
(see Figure 1.6), the top-k Kendall’s method has the highest correlation with the annotations, although it
did not always perform better (see Figure 1.7). The gene overlap method underperformed likely due to its
reliance on a fixed threshold for identifying genes as differentially expressed. As a result, datasets with a
similar number of differentially expressed genes tended to cluster together (see Supplementary Figure 1.5).

We observed how closely expression profile distances corresponded to the manual classifications by
calculating the average pair-wise expression profile distance between datasets with the same classification
and its empirical p-value using Monte Carlo simulations (see Table 1.3). The dataset disease labels were

used to to calculate average precision of a similarity profile (see Figure 1.7).
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Figure 1.7: The distribution of average precisions of disease classified dataset similarity profiles. We
took the average precision of a query for each result set classified to a disease against all other
disease-classified result. (topk: top-k Kendall’s distance, overlap: binary gene Jaccard’s distance,
go: enriched GO Jaccard’s distance.)

We have tested other methods including Spearman’s rank correlation, weighted rank-based methods,
and gene coexpression-based methods that are not shown here. Unweighted rank methods did not perform
well due to the noisiness of genes that are not significantly differentially expressed. Weighted rank-based
methods require a suitable weight function which we have yet to determine. Gene coexpression-based
methods hold similar promise to Gene Ontology based methods in that they may mitigate bias due to the
univariate statistics yet without some of the drawbacks of relying on the Gene Ontology, e.g. term coverage

and overlap of terms.

1.3.5 Platform Effect

According to the clustering of datasets, platforms may play some role in determining dataset similarity (see
Figure 1.10). We examined the platform effect more closely for two main Affymetrix platforms: Mouse
Genome 430 2.0 (GPL1261, 137 experiments) and Mouse Genome U74 Version 2 (GPL81, 70 experiments).
We performed principal component analysis (PCA) on the differential expression results (probit-transformed
p-values), restricted to datasets using only these two platforms and their common genes. There was a clear
separation of datasets according to the loadings of components 3 and 4 (Figure 1.8b); however, components
3 and 4 only accounted for a small percent of the variance (Figure 1.8a). The separation of platforms was
possibly due to differing number of probes per gene, resulting in small statistical power differences between
platforms. The component 4 scores correlated with the number of probes per gene (see Figure 1.9). Gene set-
based methods seemed to mitigate this effect as we may expect from methods that summarize information

across genes.

1.3.6 Dominant Differential Expression Patterns

Certain datasets are frequently returned near the top of search results. For example, GSE18597 was in the

top 10 results for 72/633 query datasets using the top-k rank method. Thus, it was returned as similar to
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Figure 1.8: Platform effects account for a significant fraction of the variance in differential expression.
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values of common set of genes on two platforms (GPL81 and GPL1261). Biplot of components
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the number of DEGs.
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Figure 1.9: Component 4 scores were correlated with the number of probes per gene. We plotted the
distribution of component 4 scores split by equal and unequal probe per gene counts across two
mouse platforms (GPL1261 and GPLS81).

datasets on a wide range of topics. We plot this “dominance”, i.e. the number of times that a dataset was
ranked in the top 10 for a query, in Figure 1.11. Again, using the top-k rank method, there were 42 datasets
which come up in the top 10 results for at least 30 other datasets. While these dominant datasets were not
very numerous, they account for around 23% of the top 10 results for all dataset queries, and more than 60%
of dataset queries have a dominant dataset ranked in the top 5. A similar phenomenon can be observed using
other methods, i.e. the dominant pattern is reasonably robust, showing generally high correlation between
methods (Figure 1.11).

The dominance phenomenon can be partly attributed to some datasets having a higher degree of differ-
ential expression; datasets with little to no differential expression tended to correlate more with datasets that
have common DEGs. However, even if we removed datasets with few DEGs, certain expression profiles
remained highly enriched (in Figure 1.11, such datasets have been removed).

Dominant datasets can be characterized by their own gene rankings, which we call “dominant expression
patterns”. Dominant expression patterns likely reflected real biological properties of the data, which should
be captured by the similarity metric. However, we were concerned that dominant patterns were masking the
presence of more subtle similarities. Also, from an information retrieval perspective, it is not particularly
useful to always return the same results, no matter what the query.

In order to examine the biological properties reflected by dominant expression patterns, we performed
a GO term enrichment analysis. Enriched biological processes included “immune reponse”, “cell prolifera-
tion”, “cell death”, and “protein biosynthesis”. However, with this straightforward examination of enriched
gene sets, it was not clear which gene sets are driving dominance, or how many dominant expression pat-

terns exist. We thus selected several of the most dominant datasets, and for each one, we identified similar
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datasets, i.e. datasets which had the dominant dataset in the top 10 results. We summarized across these
similar datasets by taking average gene ranks to construct a “meta-signature”. For example, as mentioned
previously, GSE18597 was in the top 10 results for 72 query datasets, so the meta-signature for GSE18597
consisted of average gene ranks across the 72 query datasets. Compared to the individual signatures (Fig-
ure 1.12), the meta-signatures (Figure 1.13) exhibited many similarities, yet had reduced heterogeneity.
Nonetheless, there is still evidence of the presence of multiple dominant expression patterns that may in-
volve gene sets such as “gene expression”, “signal transduction”, and “cell differentiation” due to their
heterogeneity in enrichment.

To examine the annotations associated with dominant expression patterns, we conducted an annotation
enrichment analysis on all query results (described in Section 1.2.4). Common expression patterns were thus
associated with annotations such as muscular dystrophy, and immune response (see Figure 1.16). Muscular
dystrophy studies involved a large cell death and inflammation signal [89, 90, 112], which was consistent
with our enriched GO term findings in dominant expression patterns (Figure 1.12 and 1.13).

Dominant expression profiles were also enriched for frequently DEGs (Figure 1.15), suggesting that
search results may be driven by genes with low information content (which is correlated with frequency of
differential expression). Filtering based on gene information content mitigated the problem of non-specific
correlation with dominant signatures, most notably with the top-k Kendall’s distance method (Figure 1.14).
In addition, filtering low information content genes slightly decorrelated dataset enrichment for frequently
DEGs with dominance (Figure 1.15). Removing genes or ontology terms with low information content nei-
ther degraded nor improved performance significantly (Figure 1.17b), but this may be due to the coarseness
of our performance metrics.

An important question is whether the effect of dominant expression patterns is a function of our choice
of metrics. That is, would different methods be less sensitive to these patterns. As mentioned in the Intro-
duction, there are three fundamental types of similarity algorithms employed: correlation-based, overlap-
based, and gene set-based, which we have implemented. While we have not implemented a threshold-free
method such as RRHO [87] or GSEA [109], results from a scaled down analysis on a single platform using
Spearman’s correlation distance gave similar results. We have partially addressed the problem of dominant
expression patterns by removing low information content genes. To further address the problem, we may
need to employ more sophisticated filtering or weighting of genes that takes into account patterns of co-
differential expression, i.e. groups of genes that behave similarly under different subsets of experimental
conditions.

In contrast to dominant expression patterns, there were expression profiles that were uncommonly ob-
served, i.e. signatures which did not correlate relatively highly with any other expression profiles. It is
possible that this was due to gaps in our database, or that the dominant signatures were masking similari-
ties. Some of these datasets did exhibit a low proportion of statistically significant differentially expressed
genes or had non-uniform null p-value distributions, suggesting the presence of unmodeled sources of vari-
ation [65]. This suggested that part of the problem may be addressed by improving pre-processing and
statistical analysis to help control for unmodeled variation. We discuss this further in the next section.
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Figure 1.12: Enriched GO terms among top-20 dominant expression signatures (datasets which
showed up most frequently in the top-10 hits of all top-k Kendall queries). Values are probit-
transformed p-values restricted to the range [-3, 3].
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Figure 1.13: Heterogeneity in enriched GO terms of meta-signatures of dominant datasets. Darker
colours indicate higher enrichment of the gene set. We constructed meta-signatures from sum-
marizing expression profiles of query datasets which gave the dominant dataset as a top 10 result.
An exception is the “ALL” meta-signature which summarizes across all datasets. The datasets
included in each meta-signature are shown in the barcode blot above the heatmap (black: in-
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ranks.
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Figure 1.14: Filtering out low information content genes (IC-filtered genes) tended to reduce result
set dominance especially using top-k Kendall’s distance. Dominance refers to the number of
times that a result set appeared in the top 10 of a query. Information content was defined as
the —log,(P(g)) where P(g) was the fraction of all differential expression accounted for by
gene g (g-value < 0.05). The filter threshold was the 10th percentile of the information content
distribution, and was set using our evaluation protocol. topk: top-k Kendall’s distance, overlap:
binary gene Jaccard’s distance, go: enriched GO Jaccard’s distance.

1.3.7 Outliers and Batch Effects

We investigated whether the presence of outliers may be adversely affecting the results. Datasets lacking
outlier samples had expression signatures which were more similar on average (see Figure 1.18), which
suggested that the presence of outliers may be indicative of lower data quality. Outliers appeared to have a
small effect on the performance of methods as measured using annotations (see Figure 1.17a), which may
be due to the coarseness of this performance metric.

Some of the studies included in our analysis had batch affected probes or experimental designs con-

founded with batch. Preliminary analysis did not indicate a large effect on dataset similarity.

1.4 Concluding Remarks and Future Work

We have described a framework for the evaluation of methods for comparing gene lists from gene expression
studies and given a use case example that details the potential worth of such a method. One of my main
contributions was identifying “dominant expression patterns” dominating search results, which was not
completely due to frequently differentially expressed genes. Future work will be concentrated in addressing
this issue.

As mentioned in the Introduction, there exist a number of other algorithms and techniques for query-
ing gene expression data, most of which are based on GSEA. We would like to implement them into our
framework as they may offer increased levels of sensitivity or robustness. Different statistical analysis of
the data may be helpful as well. For increased inter- and intra-laboratory data comparability, Reina-Pinto et
al. suggested a rank-product analysis for determining DEGs [94]. Another idea is to incorporate ideas from

the information retrieval literature. Term frequency-inverse document frequency weighting measures and its
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Figure 1.16: Barplot of top 10 enriched dataset annotations using top-k Kendall’s tau similarity profiles
(partial ROC AUC > 0.7 and p-value < 0.01, FDR < 0.5). Highly co-occuring annotations are
not shown.

variants may be employed to moderate the presence of frequent terms (genes) [3, 98]. Similarly, document
length normalization may be a useful method. Document length normalization would make retrieval of gene
lists of different length, i.e. from different platforms or from studies with differing numbers of differentially
expressed genes, roughly equally probable [106].

The current framework did not take into account directional change in expression, i.e. whether gene
expression is up or down-regulated relative to the control. Making this distinction may allow for a finer
level of resolution when comparing gene expression signatures.

In closing, the identification of similarities between datasets is an unsolved problem, with a key chal-

lenge being dealing with the impact of the distortive effect of non-specific patterns of differential expression.
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Figure 1.17: Outliers (1.17a) or low information content genes (1.17b) did not influence much the
performance according to annotations. We plot the distribution of mean rank ratios across the
top 10 hits for a dataset with outliers or low information content genes included and excluded.
Low information content genes are those below the 10th percentile. Each dataset was queried
against other datasets using top-k Kendall’s tau. We took the mean rank of annotation profile
distances from the query to the top 10 hits. Lower ranks indicate higher concordance. Notches
indicate roughly a 95% confidence interval for the median (+1.581QR/\/n).
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1.5 Supplementary Data

Name D Num Genes ROC AUC P-value Multifunctionality Bias
tRNA metabolic process GO0:0006399 93 0.69 1.395E-07 0.65
positive regulation of I-kappaB kinase/NF-kappaB cascade G0:0043123 84 0.67 7.993E-05 0.67
tRNA processing GO0:0008033 58 0.70 6.649E-05 0.62
regulation of I-kappaB kinase/NF-kappaB cascade G0:0043122 91 0.66 9.015E-05 0.67
electron transport chain G0:0022900 80 0.66 1.464E-04 0.67
ribosome biogenesis GO:0042254 88 0.65 4.556E-04 0.59
DNA-dependent DNA replication GO0:0006261 47 0.69 8.2E-04 0.77
peptide metabolic process GO:0006518 41 0.70 9.883E-04 0.78
cell cycle checkpoint GO:0000075 72 0.65 9.992E-04 0.79
centromere complex assembly GO0:0034508 5 0.95 1.804E-03 0.93
anaphase-promoting  complex-dependent  proteasomal  ubiquitin- GO0:0031145 44 0.69 1.93E-03 0.69
dependent protein catabolic process

regulation of ubiquitin-protein ligase activity GO:0051438 56 0.66 2.066E-03 0.7
positive regulation of ubiquitin-protein ligase activity GO0:0051443 50 0.67 1.954E-03 0.7
rRNA processing GO0:0006364 67 0.65 1.946E-03 0.61
regulation of ubiquitin-protein ligase activity during mitotic cell cycle GO0:0051439 49 0.67 2.027E-03 0.7
chromosome segregation GO0:0007059 66 0.65 2.411E-03 0.76
amino acid activation GO0:0043038 39 0.69 2.657E-03 0.69
rRNA metabolic process G0:0016072 70 0.64 2.747E-03 0.62
cellular respiration GO0:0045333 66 0.65 2.751E-03 0.77
regulation of ligase activity GO:0051340 59 0.65 2.631E-03 0.71

Table 1.4: Enriched GO terms among commonly differentially expressed genes scored using ROC. P-
values are multiple test corrected using Benjamini-Hochberg. Multifunctionality bias is the degree
to which that gene set contains multifunctional genes (ROC AUC).
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Name 1D Num Genes ROC AUC P-value Multifunctionality Bias
sensory perception of chemical stimulus GO:0007606 67 0.77246726 9.467E-13 0.58
G-protein signaling, coupled to cyclic nucleotide second messenger GO:0007187 98 0.73009712 2.663E-12 0.77
regulation of cyclic nucleotide metabolic process GO0:0030799 97 0.71586494 1.011E-10 0.84
regulation of nucleotide biosynthetic process G0:0030808 93 0.72027197 7.88E-11 0.84
sensory perception of smell GO0:0007608 43 0.79951866 1.539E-10 0.51
regulation of lyase activity GO0:0051339 81 0.72993986 2.068E-10 0.83
regulation of nucleotide metabolic process G0:0006140 99 0.70742789 2.112E-10 0.84
G-protein signaling, coupled to cAMP nucleotide second messenger G0:0007188 69 0.73984301 1.926E-10 0.81
regulation of cyclase activity G0:0031279 80 0.72833432 2.714E-10 0.82
regulation of cAMP biosynthetic process GO0:0030817 85 0.72126153 2.614E-10 0.83
regulation of cAMP metabolic process GO0:0030814 88 0.71341308 6.07E-10 0.83
regulation of adenylate cyclase activity GO:0045761 78 0.72520848 7.493E-10 0.82
cAMP-mediated signaling GO0:0019933 77 0.70890241 2.61E-08 0.8
positive regulation of lyase activity GO0:0051349 47 0.75274024 4.818E-08 0.83
positive regulation of cyclase activity G0:0031281 46 0.75047609 1.004E-07 0.83
positive regulation of adenylate cyclase activity GO0:0045762 45 0.74795326 2.147E-07 0.83
activation of adenylate cyclase activity G0:0007190 44 0.74264085 6.933E-07 0.82
digestion GO0:0007586 66 0.68965455 4.639E-06 0.76
feeding behavior GO0:0007631 56 0.70234012 6.598E-06 0.87
regulation of heart contraction G0:0008016 72 0.68116185 7.646E-06 0.87

Table 1.5: Enriched GO terms among uncommonly differentially expressed genes scored using ROC.
P-values are multiple test corrected using Benjamini-Hochberg. Multifunctionality bias is the

degree to which that gene set contains multifunctional genes (ROC AUC).
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Chapter 2

Role of MicroRNA in Major Depression and
Suicide

2.1 Introduction

Major depressive disorder (MDD), commonly referred to as major depression, is a possibly recurrent mood
disorder with symptoms that include low mood, loss of interest in pleasure, insomnia or hypersomnia, fatigue
or loss of energy, and suicidal ideation [97]. Major depression affects a large proportion of the population
with one-year prevalence estimates ranging between 6.4% and 10.1% [53, 54, 77, 117]. Consequently,
major depression imposes a large economic burden on society; for instance, the direct and indirect costs
were estimated at about $83 billion for the year 2000 in the United States [40].

Suicide is another major public health problem that is often associated with MDD; suicide rates among
mood disorder sufferers are more than 20-fold higher than the general population [88]. There is mounting
evidence that individuals who commit suicide have a genetic predisposition [56, 69].

Studies of MDD and suicide have suggested several molecular causes. Although it is possible that
the genetic factors for predisposition for MDD and suicide are independent [16, 56, 107], there is evi-
dence that they may be linked. For example, spermidine/spermine N'-acetyltransferase (SAT1) was ob-
served to have decreased expression in suicide completers [35, 42, 58, 101, 102], and a genetic variant
that predicts SAT1 expression was associated with depressed suicide completers compared to depressed
non-suicides [34]. Dysregulation of several neurotransmitter systems in different brain regions have been
suggested: the serotonergic [78, 81, 95, 113], dopimanergic [12, 85, 119], noradrenergic [11, 41, 59, 84, 96],
glutamate [20, 23, 32, 33, 48, 52, 79] and GABAergic [18, 20, 57, 61, 74, 91, 99] systems. Other molecular
systems that have been implicated include the cylic adenosine monophosphate response element binding
(CREB) protein signaling pathway [27], the immune system [8, 38], fibroblast growth factor [28], ATP
biosynthesis [57], and cell proliferation [110].

Neuroimaging and histopathological studies of major depression and suicide have revealed abnormalities
in the prefrontal cortex (PFC) [25, 92], and hippocampus [15, 44, 104]. The PFC plays a role in a diverse

range of executive processes, including impulse control, working memory, attention, and judgement. The
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hippocampus plays a role in the formation of new memories as well as cognitive maps. Additionally, the
PFC and hippocampus have been implicated in other neurological disorders such as schizophrenia [46, 116],
and bipolar disorder [37, 93].

MicroRNAs (miRNAs) are small single-stranded non-coding RNA molecules (about 19-24 nucleotides)
that function primarily to down-regulate gene expression [19, 70]. They act by complementary binding to
the 3’ untranslated region of a transcript, resulting in translational repression or transcript degradation [66].
There is also evidence that miRNAs may serve to induce transcription [86].

MiRNAs have been implicated in a number of diseases, including some types of cancer, heart dis-
ease [49, 50]. Moreover, miRNAs are abundantly expressed in the brain [60], and there is evidence that
dysregulation of miRNA function may cause neurodegeneration [45]. In Alzheimer’s disease subjects, miR-
9, miR-125b and miR-146a were found to be up-regulated in the temporal lobe neocortex [103]. Rare
genetic variants of SLITRK1, associated with Tourette’s syndrome patients, have a frame shift mutation
in its binding site for miR-189, altering their interaction [1]. Spinal muscular atrophy is associated with
the Survival of Motor Neuron (SMN) complex, and it was shown that two components of the SMN com-
plex associate with miRNAs to form ribonucleoprotein complexes [24]. Altered miRNA expression was
observed in autism post-mortem cerebellar cortex tissue [2], and in the prefrontal cortex of schizophrenia
subjects [83].

The objective of this project is to find evidence of differential miRINA regulation in depressed suicides
compared to controls. We profiled major depressive and suicide subjects at the mRNA and miRNA level in
the hippocampus and prefrontal cortex of postmortem brain tissue.

The first part of this project entailed independent statistical analysis of miRNA and mRNA data. We then
attempted to detect correlations between mRNA and miRNA expression levels. Any promising candidates

may be experimentally validated.

2.2 Methods

2.2.1 Data Overview and Pre-processing

Brain tissue for this project was available through the Québec Suicide Brain Bank, which is a facility man-
aged by Dr. Gustavo Turecki and Dr. Naguib Mechawar of the McGill Group for Sucide Studies (MGSS;
Douglas Mental Health University Institute, Mcgill University, Montreal, Québec, Canada). Dr. Gustavo
Turecki, our collaborator at the MGSS, oversaw the collection of miRNA and mRNA data using Human
Agilent miRNA microarrays and Human Affymetrix U133 Plus 2.0 arrays. They profiled two brain re-
gions: Brodmann area 44 (BA44) and the hippocampus. However, not all brain samples run on the miRNA
microarrays were run on the U133 Plus 2.0 arrays and vice versa.

In initial quality control, we found many samples yielded low-quality mRNA or miRNA profiles. Some
of these samples were excluded from the analysis, or re-run in new batches. In an attempt to remove the
batch effect, we subtracted out for each gene the median difference in gene expression between samples run
on both batches (see Figure 2.1).

We used the AgiMicroRna package in Bioconductor to read the miRNA data. The robust multiarray
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Figure 2.1: The batch effect was reduced in component 3 loadings of the principal component analysis
after batch effect correction. To remove the batch effect, for each gene, we subtracted the median
difference in gene expression between samples run on both batches.
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Table 2.1: Breakdown of sample counts per brain region and diagnosis. S: suicide, SMDD: major
depressive suicides, C: control.

average algorithm, developed for Affymetrix arrays, was used to summarize the data. We normalized the
data using using the quantile method. We removed genes that were flagged as absent, leaving us with 447
genes (from 939). Not all samples run on the miRNA arrays were run on the mRNA arrays and vice versa
(see Table 2.1).

We processed the mRINA data using Affymetrix’s MAS 5.0 expression algorithm, before applying quan-
tile normalization. Genes with low or undetectable expression level (below the 30th percentile) within a

diagnosis group were filtered out to minimize spurious hits in the combined analysis.

2.2.2 miRNA Microarray Data: Statistical Analysis

We applied standard linear regression techniques in conjunction with surrogate variable analysis (SVA) [65].
SVA attempts to capture the heterogeneity involved in a gene expression study by incorporating so called
“surrogate variables” into the model. We fitted models using the limma Bioconductor package for linear re-
gression [51]. To select a model, we fitted a number of different linear models that had been augmented with
surrogate variables to each gene, and scored each model fit using Akaike information criterion (AIC) [13].
AIC measures the goodness of fit while penalizing for greater number of terms in the model. We then chose
the model that had the highest number of best AIC scores.

We split the analysis between the two brain regions, such that two models were employed. Aside from
the diagnosis and surrogate variables, the BA44 model included effects for pH and batch, and the hip-
pocampus model included pH and PMI. 4 surrogate variables were found significant for BA44, and 6 for
hippocampus. Significance in this case means that the surrogate variables captured more expression hetero-

geneity than expected by chance.

2.2.3 mRNA Microarray Data: Statistical Analysis

We performed a similar statistical analysis of the mRNA microarray data; that is, linear regression in con-
junction with SVA. Again, we analyzed BA44 and hippocampus separately, and we fitted a number of
different linear models augmented with surrogate variables to each gene, scoring and selecting models using
AIC. The selected models included the diagnosis effect, and 3 and 7 surrogate variables (as determined by
SVA) for the BA44 and hippocampus models, respectively. Multiple test correction was performed using

the Benjamani-Hochberg method [7].
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ID P-value Odds Ratio Exp Count Count Size Term

1  GO:0007602 0.0011 55.20 0.05 2 7 phototransduction

2 GO:0043627  0.0051 9.55 0.35 3 47 response to estrogen stimulus

3 GO:0031032  0.0054 21.21 0.11 2 15 actomyosin structure organi-
zation

4 GO:0048008 0.0054 21.21 0.11 2 15 platelet-derived growth factor

receptor signaling pathway

5 GO:0009888  0.0055 3.63 2.18 7 291 tissue development
6 GO0O:0009991 0.0058 6.11 0.73 4 97 response to extracellular
stimulus
7 GO:0009749  0.0078 17.22 0.13 2 18 response to glucose stimulus
8 GO0:0034284  0.0078 17.22 0.13 2 18 response to monosaccharide
stimulus
9 GO:0007584  0.0083 7.92 0.42 3 56 response to nutrient
10 GO:0007167  0.0085 3.72 1.80 6 240 enzyme linked receptor pro-
tein signaling pathway
11 GO:0009582  0.0086 16.21 0.14 2 19 detection of abiotic stimulus
12 GO:0001707  0.0096 15.30 0.15 2 20 mesoderm formation

Table 2.2: BA44 suicide vs. control genes (p-value < 0.01): over-represented biological process GO
terms

We tested for over-represented Gene Ontology (GO) terms among the list of differentially expressed
genes from each model fit, using the R package GOstats [30], a hypergeometric-based test that uses the
relationships among GO terms to decorrelate the results. For each gene, we used the probe with the highest
expression variance across samples, and we selected genes for the hypergeometric test with a test p-value
less than 0.01.

2.24 Combined miRNA-mRNA Analysis

We used Spearman’s rank correlation to assess correlation between all possible mRNA transcript probes
and miRNA genes from the same samples. We then performed multiple test correction using the method
described in [108].

2.3 Results and Discussion

The analysis of the mRNA data only returned one statistically significant hit after multiple test correction:
LCT (lactase). In BA44, LCT was up-regulated significantly in suicides vs. controls (g-value: 0.039) as
well as major depressive suicides (g-value: 0.058). We list enriched GO terms in Tables 2.2, 2.3, 2.4, and
2.5.

Statistical analysis of the miRINA data yielded one significant (g-value < 0.05) result after multiple test
correction: hsa-miR-1202. Hsa-miR-1202 was down-regulated in suicides versus controls in BA44 (g-value:
0.0061, see Figure 2.3). Our collaborators at the MGSS performed several follow-up qRT-PCR experiments
on hsa-miR-1202 among other highly ranked miRNAs using the same samples. The results of the QqRT-PCR
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ID P-value Odds Ratio Exp Count Count Size Term

1 GO:0008633  0.0059 20.74 0.12 2 12 activation of pro-apoptotic
gene products

2 GO:0045778  0.0059 20.74 0.12 2 12 positive regulation of ossifica-
tion

3 GO:0007243 0.007 3.12 2.84 8 289 protein kinase cascade

4 G0O:0045669 0.008 17.28 0.14 2 14 positive regulation of os-
teoblast differentiation

5 GO:0031032  0.0092 15.95 0.15 2 15 actomyosin structure organiza-
tion

Table 2.3: BA44 depressed suicide vs. control genes (p-value < 0.01): over-represented biological
process GO terms

ID P-value Odds Ratio Exp Count Count Size Term
1 GO:0008380 0.0036 5.57 1.06 5 135 RNA splicing
2 GO0:0016071  0.0077 4.61 1.26 5 161 mRNA metabolic process

Table 2.4: Hippocampus suicide vs. control genes (p-value < 0.01): over-represented biological pro-
cess GO terms

validated the microarray finding (Figure 2.4).

We hypothesized that miRNA and mRNA expression may be correlated. However, we did not find any
statistically significant correlated or anti-correlated genes after multiple test correction (0.05 FDR level).
We also hypothesized that correlation in general may be enriched among predicted miRNA-mRNA target
pairs. Nunez-Iglesias et al. and Tsang et al. observed an increase in positively-correlated target pairs within
the brain [80, 111], but we were unable to replicate this finding in our data, possibly due to small sample
size and data quality.

Based on the correlation analysis, we identified several candidates for regulation by hsa-miR-1202
in Table 2.6. The expression of the candidate genes were correlated with hsa-miR-1202 expression and
were decreased or increased in suicides versus control samples. Two interesting targets were ATXN7 and
KIAAO0319, for which both have support for hsa-miR-1202 binding sites according to the miRanda algo-
rithm [9]. A polyglutamine expansion in ATXN?7 is the cause of spinocerebellar ataxia type 7 (SCA7), a neu-

ID P-value Odds Ratio Exp Count Count Size Term
1 GO:0045785 0.0018 39.63 0.07 2 14 positive regulation of cell ad-
hesion
2 GO:0007422  0.0024 33.95 0.07 2 16 peripheral nervous system de-
velopment
3 GO:0022610 0.0026 6.47 1.01 5 217 biological adhesion
4 GO:0007601  0.0088 16.33 0.14 2 31 visual perception

Table 2.5: Hippocampus depressed suicide vs. control genes (p-value < 0.01): over-represented bio-
logical process GO terms
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Figure 2.2: Boxplot of lactase (LCT) log2 expression under each diagnosis level in BA44. C: control
(n =11). S: suicides (n = 8). SMDD: major depressive suicides (n = 15). S vs. C g-value is
0.039. SMDD vs. C g-value is 0.058.

rodegenerative disorder [22, 75] that is characterized by macular degeneration, dysphagia, and dysarthria [4].
Spinocerebellar ataxia patients also tend to exhibit depressive symptoms [71]. KIAA0319 encodes a trans-

membrane protein that when defective may cause susceptibility to dyslexia type 2 [21, 43, 82].

2.4 Concluding Remarks and Future Direction

We encountered many challenges regarding the quality of the data, and much effort was spent in quality
control, normalization, and increasing statistical power. Further efforts in this area may be focused on
different normalization methods and more sophisticated batch correction algorithms such as using regression
modeling to identify differences between batches for removal [10].

In conclusion, we are following up on a few promising candidates experimentally. Further miRNA genes
may be tested for differential expression using qRT-PCR. Certain anti-correlated miRNA mRNA-target pairs
may also be tested experimentally, particularly those anti-correlated with hsa-miR-1202, in order to validate

interaction.
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Figure 2.3: Boxplot of hsa-miR-1202 log2 expression under each diagnosis level in BA44. C: control
(n=10). S: suicides (n = 13). SMDD: depressed suicides (n = 20). S vs. C g-value is 0.0061.
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Figure 2.4: qRT-PCR validation of candidate miRNAs in BA44. This validation was performed by
our collaborators at the McGill Group for Suicide Studies. Error bars indicate standard error and

p-values are from one-sided Mann-whitney U-tests.
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Probe Gene S vs. Cp-value S vs. Clog;-FC Cor Coef Cor p-value
229336_at ST3GAL2 0.020 0.384 0.670 0.003
218733_at MSL2 0.005 -0.343 -0.628 0.006
226214 _at GDE1 0.032 0.279 0.626 0.007
223330_s.at  SUGT1 0.015 -0.367 -0.614 0.008
234073_at SDK?2 0.001 -0.390 -0.583 0.013
209696 _at FBP1 0.036 -0.306 -0.567 0.016
240451 _at HIRA 0.004 -0.352 -0.548 0.020
225288_at KIAA1870 0.005 0.659 0.529 0.026
206209.s.at CA4 0.038 0.269 0.521 0.028
224715 _at WDR34 0.018 -0.278 0.513 0.031
213730x._at TCF3 0.013 0.273 0.513 0.031
235731 _at AIPL1 0.012 -0.473 -0.509 0.033
228415_at AP1S2 0.027 -0.398 -0.507 0.034
221928 _at ACACB 0.027 -0.625 -0.496 0.038
236748 at RASGEF1C 0.016 0.396 0.494 0.039
229153_at SLC7A60S 0.020 -0.324 -0.490 0.041
243259 _at ATXN7 0.0003 -0.438 -0.482 0.045
244320_at NHLRC2 0.009 -0.610 -0.480 0.046
231960_at BRWD1 0.0001 0.559 0.478 0.047
230533_at ZMYNDS8 0.001 -0.299 -0.478 0.047
206017 _at KIAA0319 0.049 0.471 0.478 0.047
244239 _at ANKH 0.041 -0.489 -0.474 0.049
208621_s_.at EZR 0.021 0.467 -0.474 0.049

Table 2.6: Correlated putative targets of hsa-miR-1202. Hsa-miR-1202, which is down-regulated in
suicides vs. controls, is correlated with these mRNA probes. Bolded gene symbols indicate that
there is support from miRNA target prediction algorithms (miRanda) for the pairing.
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