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ABSTRACT

ANALYSIS OF DIFFERENTIALLY EXPRESSED
GENES IN BIPOLAR DISORDER: TRANSCRIPTOMIC

SIGNATURE OF ADOLESCENCE AND YOUNG
ADULTHOOD IN WORKING MEMORY-RELARED

AREA

Rabia Şen

M.Sc. in Neuroscience

Advisor: Timothea Toulopoulou

November 2020

Bipolar disorder (BD) is a heritable severe illness. One of the indications of BD

is working memory (WM) impairment which is a heritable cognitive trait. The

aim of the current study is to identify the transcriptomic level developmental

biomarkers of BD in WM-related brain regions. We based our analysis on adoles-

cence and young adulthood (AYA), the critical period for both BD and cognitive

development. We have chosen 4 publicly available microarray datasets from Gene

Omnibus database for which one is derived from healthy controls and three from

bipolar disorder patients. We compared different developmental periods of the

brains of normal subjects to determine healthy brain development at the tran-

scriptomic level. After applying the same method to detect bipolar development

to show differences between BD and healthy brains. We followed these compar-

isons in two steps; on gene-level analysis and geneset level analysis. Next, we

identified common genes and pathways from the results of different analyses. As

a result of this comparison, while six genes were identified differentially expressed,

we observed 5 Gene Ontology (GO) genesets shown different regulation patterns

in bipolar and healthy brains. The literature review has been shown that the

significant biological pathways might be influenced by the treatment.

Keywords: Bipolar disorder, brain development, workıng memory, microarray

data analysis.
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ÖZET

BİPOLAR BOZUKLUKTA FARKLI EKSPRESE
GENLERİN ANALİZİ: ÇALIŞMA BELLEĞİ İLE İLGİLİ
BÖLGELERDE ERGENLİK VE GENÇ ERİŞKİNLİĞİN

TRANSKİPTOM İMZASI

Rabia Şen

Nörobilimler, Yüksek Lisans

Tez Danışmanı: Timothea Toulopoulou

Kasım 2020

Bipolar bozukluk (BB) kalıtsal, ciddi bir hastalıktır. BB’nin belirtilerinden

biri, bilişsel ve kalıtımsal bir işlev olan çalışma belleği (ÇB) bozukluğudur.

Bu çalışmanın amacı transkriptomik düzeyde BB’nin ve ÇB ilişkili beyin

bölgelerindeki gelişimsel biyobelirteçleri belirlemektir. Analizimizi hem bilişsel

gelişim hem de BB için kritik bir dönem olan ergenlik ve genç yetişkinlik dönemine

göre kurduk. Gene Omnibus veritabanından, bir sağlıklı, üç bipolar olmak üzere

dört halka açık microdizi verisetini seçtik. BB ve sağlıklı beyin gelişimi arasındaki

farklılıkları göstermek için, öncelikle sağlıklı örnekleri karşılaştırdık, daha sonra

aynı adımları bipolar örnekleri için ayrıca uyguladık. Bu karşılaştırmaları gen

düzeyinde analiz ve geneset düzeyinde analiz olarak iki adımda izledik. Bir son-

raki aşamada, farklı analizlerden gelen ortak gen ve genesetleri belirledik. Bu

karşılaştırma sonucunda, altı gen anlamlı olarak tanımlanırken, beş Gene On-

tology (GO) geneseti bipolar ve sağlıklı beyinlerde farklı şekillerde düzenleme

gösterdiğini gözlemledik. Literatür araştırması anlamlı biyolojik gensetlerin te-

davi yoluyla etkilendiğini gösterdi.

Anahtar sözcükler : Bipolar bozukluk, beyin gelişimi, çalışma belleği, mikrodizi

veri analizi.
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Chapter 1

Introduction

1.1 Bipolar Disorder

Bipolar disorder (BD) is a widespread mental illness which causes severe im-

plications for patients’ daily life and in some cases can lead to death. Perlis et al.

highlighted people with BD have 20-fold higher suicidal risk than healthy indi-

viduals [1, 2]. Diagnosis of BD, like any other mental illness, is contingent upon

behavioral manifestations. Although the symptoms are diverse, they can be sep-

arated in line with mood phases: manic and depressive [1]. While manic episode

mostly shows itself as increased energy, rapid speech, aggressiveness; depressive

mode is characterized by tiredness, lack of concentration, low self-worth, distur-

bance of sleep [3]. Additionally, some individuals diagnosed with BD reported

psychotic symptoms such as hallucinations and delusions [4].

Emergence of BD is another well-studied subject of psychiatry research. While

both genetic and environmental factors are shown to contribute to the develop-

ment of BD, effect size of the factors is unclear [5]. Another problem about BD

is the onset of the disease. Although there is conflicting results about the sub-

ject, Balessarini and his colleagues have reported the average of onset as 24.0 by

analyzing more thousand BD patients’ clinical data [6].
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Complex pathophysiology of BD affects treatment options. Although some

treatment options are developed through molecular biology research, cure for BD

is only symptomatic. The symptoms are often heterogeneous and can overlap with

other psychiatric disorders. This results in high misdiagnosis rates and also cause

health and economical problems to people who suffer from BD [7]. It is therefore

beyond doubt that filling in the incomplete picture of BD pathophysiology would

help many people.

1.1.1 Heritability of Bipolar Disorder

Curiosity about genetics of psychiatric disorders was launched at the beginning

of the 20th century [8]. Genetic aspect of etiology on BD research started with

twin and adoption studies. These studies have certified contribution of genetic

factors to the development of BD [9]. While classical genetics studies demon-

strated heritability of the disease, the research headed toward the identification

of genetic factors with the development of molecular tools.

Molecular genetic research was initiated with risk loci research on the chro-

mosomal locations of susceptibility genes that have effect on development of BD

[10]. By using linkage research results, scientists began to investigate disease

pathology on closer inspection by acquisition of candidate genes. Candidate-gene

studies rely on the determination of susceptible gene that is related with the

phenotype of disease. Some of the genes that were identified through the linkage

mapping approach were: the serotonin transporter (SLC6A4) [11], catechol-O-

methyltransferase (COMT) [12], toll-like receptor 2 (TLR2) [13], d-amino acid

oxidase (DAOA) [14], brain-derived neurotrophic factor (BDNF) [15].

Although candidate gene studies have identified some of the genetic markers

for BD, the studies had limitations such as sample size, poor experimental design,

and false diagnosis [16]. When GWAS was implemented in BD research, many

other risk associated genes were discovered. Fundamentally GWAS looks for the

single nucleotide polymorphisms in entire genome to determine whether there

are genetic markers for the condition of interest. GWAS also have identified
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common polymorphisms with other psychiatric disorders such as schizophrenia

and major depressive disorder [17, 18]. Stahl et al. published a review about

the GWAS study of bipolar disorder in 2019. They used results of 50.000 case

investigation, 30 related loci identified in 18 years [19]. Some of them are ankyrin

3 (ANK3), [20], calcium voltage-gated channel subunit alpha1 (CACNA1C) [19],

tetratricopeptide repeat and ankyrin repeat containing 1 (TRANK1) [21], and

doublecortin like kinase 3 (DCLK3) [22].

While gene expression studies provide insight into the pathology of BD, path-

way analysis is important for development of treatment methods. This method

is applied for identifying related proteins to understand changes in biological

function level. Latest studies show that ion transport, neurotransmitter recep-

tors, insulin secretion, and endocannabinoid signalling are critical pathways for

BD [19, 23]. Also, once again, heterogeneity and overlapping with other mental

illnesses have been shown in molecular aspect [19, 24].

1.2 Working memory

Working memory (WM) is a heritable cognitive trait that has been investigated

since 1960s [25]. WM plays role in holding previously experienced information

and preserve it even though input is no longer available. In addition to that it

allows processing of the information in a brief interval. Although it has short

term capacity, neuroimaging studies show that WM activated areas work in col-

laboration with long term memory related cognitive ability associated regions,

such as attention and decision making [25, 26].

After WM theory is fully formed, research focused on unveiling working-

memory relevant areas of brain. Imaging and single neuron activity recording

studies show that WM tasks cause an activation in the frontal regions [25]; the

regions including dorsolateral prefrontal cortex (DLPFC), ventrolateral prefrontal

cortex (VLPFC), rostral prefrontal cortex (rPFC) [27, 28].
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Similar to other cognitive abilities WM also has multi-component structure

and from psychology to neuroscience, researchers from different fields started to

be interested in WM and study its development. The curiosity about WM devel-

opment during lifespan has given rise to outstanding findings. For instance, Rieck

et al., 2017 demonstrated that cognitive abilities are declined by age including

working memory performance [29]. When WM performances were investigated

over human lifespan several scientists indicated the most noticeable increase in

WM capacity is from the beginning of adolescence to until the end of the young

adulthood period [26, 30, 31]. In addition to that, PFC activity have been shown

to increase during adolescence period [32, 31, 33]. Therefore, it has been claimed

adolescence and young adulthood (AYA) is critical period for cognitive process

development.

1.2.1 Working Memory and Bipolar Disorder

Previous research has demonstrated that working memory performance is de-

creased with mental illness including bipolar disorder [34, 35, 36]. Dr. MacQueen

indicated that BD cycling and cognitive ability is associated with each other.

Moreover, it is reported that many studies have been agreed on euthymic phase

is noted as a disease state that has emerged cognitive impairment[37]. As it is

known euthymia is defined as mental state without cycling, neither depressive

nor manic. Thus, it is suggested WM deficits can be use as the predictor of BD

before development of the disease [38, 39]. Furthermore, from previous research

we know more about WM heritability and some candidate genes overlap with the

genes that increase susceptibility of BD; such as catechol- O-methyltransferase

(COMT)[40], dopamine transporter (DAT1), [41], and disrupted in schizophrenia

1 (DISC1) [42].
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1.3 Scope of the study

It is a fact that adolescence is a critical period for both cognitive improvement

and psychiatric disorder development [43, 44]. Analyses of Soraggi et al. which

were conducted on long term data of BD patients suggests that WM is negatively

influenced in BD. In the same study, intra-group age range comparisons in BD

and control groups revealed that adolescents and young adults were individuals

with the highest WM performance [45]. On another study, McCormak et al.

did not find WM deficit in people with BD between 18-25 age range while there

is a significant decrease in WM performance of participants in 26-35 age group

[46, 47]. Although, many studies claimed that WM deficit is an important factor

for the disease, to our knowledge there is no study investigated WM impairment

for the disease onset. Thus we believe that focusing on the AYA period and

working memory related areas could help to comprehend the pathology of bipolar

disorder. In this study, we aimed to identify transcriptomic biomarkers of BD

that also changes during development in working memory related brain regions.

We used microarray datasets of normal brain samples and datasets that consisted

of bipolar patient samples. We used Affymetrix microarrays for both of the part

of analysis and evaluated separately development healthy people’s and patients’

brain. By revealing differences in disease status in transcriptomic level, we believe

this study presents another perspective on genetic basis of susceptibility to BD.
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Chapter 2

Materials and Method

2.1 Description of the data

Expression profiling of numerous genes at once became available after

development of microarray technique [48, 49]. A microarray consists of small

spots with already sequenced oligonucleotides that attached to each spot. These

oligonucleotide sequences are called probes and are specific to the selected gene.

When samples are loaded to the microchip, the hybridization between the probe

and the sample provides the expression value of target oligonucleotide by scan-

ning the array. It has been started to be commonly used for characterisation

of the cell transcriptome in many fields of molecular biology studies, including

neuroscience.

Gene Expression Omnibus (GEO) database is a gene expression data re-

source that consists of different types of datasets; including microarrays [50].

Thanks to GEO, scientists able to access and make comprehensive inferences

by analyzing various datasets collected by different researchers in diverse labo-

ratories. In this study, we also took advantage of this opportunity and sought

for bipolar post mortem brain microarray datasets and healthy brain microarray

datasets. While we found a wide dataset for healthy brain development, there
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are fewer options for bipolar disorder. We have found 7 datasets that includes

Homo Sapiens post mortem tissue. According to our research question; inclusion

criteria was; comprising availability of age information, had been collected from

prefrontal cortex area, and to track changes development of bipolar brain, involv-

ing the samples from young adulthood and adolescence period. Shown in the table

2.1 three bipolar, one healthy brain publicly available microarray datasets are se-

lected for analysis. After determining the datasets to be included in the study,

we downloaded the raw data from GEO web page, pre-processed(summarizing,

normalizing, background correction) and analyzed in R(version 4.0.1).

Table 2.1: Detailed information about datasets included in the study

Microarray
platform

Dataset Ac-
cession No

Brain area Sample size Number of
participants

HuEx-1 0-st GSE25219 [51] 16 brain re-
gions

1340 57

Microarray
platform

Dataset Ac-
cession No

Brain area # of BD
samples

# of Con-
trol samples

HG-U133A GSE5388 [52] DLPC 30 31
HG-U133A GSE5389[52] OCF 10 11
HG-U133A GSE92538 [53] DLPC 42 119

2.1.1 Healthy Brain Dataset

GSE25219 Kang et. al investigated human brain development by exam-

ining both gene and exon-level changes in post-mortem brains [51]. The dataset

includes 16 brain regions that were collected from 57 healthy individuals between

the age of 4 weeks post-conception (PCW) and 82 years old. Since our research

question is focused on transcriptomic level change in working memory related

areas, we focused our analysis on 5 brain regions: Orbitofrontal cortex (OFC),

motor cortex (M1C), medial prefrontal cortex (MFC), dorsolateral prefrontal cor-

tex (DLPFC), and ventrolateral frontal cortex (VFC). We included the samples

in particular age range; from 4 months old to 82 years old. The remained 238
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samples were separated to seven groups based on age; Infancy(INF), Early Child-

hood (EC), Middle and Late Childhood (MLC), Adolescence and Young Adult-

hood (AYA) Early Adulthood(EA), Middle Adulthood (MA), Late Adulthood

(LA). Detailed information has been shown in table 2.2.

2.1.2 Bipolar Brain Datasets

GSE5388-GSE5389

Bahn and her colleagues conducted a research about gene expression pro-

filing of bipolar disorder in 2006. In contrast to majority of studies that in-

vestigated schizophrenia and bipolar disorder together, they focused on bipolar

disorder alone. They included prefrontal cortex area of post mortem brains of 50

healthy individuals and 50 BD patients from the Stanley Neuropathology Con-

sortium (Stanley Medical Research Institute, US) to the study. They published

two distinct datasets by using these samples; GSE5388 (DLPFC) and GSE5359

(OFC). While GSE5288 comprised of 30 BD and 31 control samples; GSE5389

consisted of 10 BD and 11 control samples. Results has shown that While there

was not significant changes for dorsolateral prefrontal cortex, they reported OFC

is involved in BD process. In addition to that, dysregulation of the ubiquitin

pathway and synaptic function are two critical pathways they reported as signif-

icantly expressed in BD [52].

GSE92538

In this dataset, to create transcriptomic profile of psychiatric illnesses, re-

searchers focused on the single cell instead of looking into dissected brain regions.

Starting from this point of view, they utilized 7 different datasets from 10 pri-

mary brain cell types. After single cell level analysis they also analyzed several

microarray datasets constituted by Pritzker Neuropsychiatric Consortium, and

the Allen Brain Atlas. In addition to bipolar disorder. Consequentially, this

detailed and comprehensive research could not reach a significant inference for

8



Table 2.2: Healthy brain dataset (GSE25219), filtered data information

Groups Age Number of subjects Sample size

4M 3 25
Infancy 6M 1 5

10M 1 4

1Y 1 10
Early Childhood 2Y 1 10

3Y 2 7
4Y 1 4

8Y 2 9
Middle-Late Childhood 11Y 1 5

13Y 1 10

15Y 1 5
18Y 1 10

Adolescence 19Y 1 5
21Y 1 5
22Y 1 10
23Y 1 10

27Y 1 3
Early Adulthood 28Y 1 4

30Y 1 10
36Y 1 10
37Y 2 20

Middle Adulthood 40Y 2 20
42Y 1 5
55Y 1 4

64Y 1 10
Late Adulthood 70Y 1 10

82Y 1 8
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bipolar disorder[53]. According to our research interest, while we excluded sam-

ples from other diseases, we included 42 bipolar samples and 119 control samples

from this dataset.

2.2 Microarray Data Analysis

2.2.1 Normalization of Raw Data

Dr. Irızarry, published a paper about gene expression microarray data

analysis in 2003. In this study, they suggested a newly developed method for

probe-set analysis; robust multiarray average (RMA). Moreover, they claimed

RMA the best way of normalization method. Their conclusion was made by

result of comparison of expression values of three different datasets which were

normalized with different methods. These datasets are pre-arranged and manipu-

lated to give expected results (non specific binding, already known concentrations,

samples hybridized at different dilutions). As compared the other methods, RMA

provides more sensitive and specific detection especially for low expression values

[54].

Here, we conducted the normalization step in two rounds. First, healthy

brain dataset (GSE25219) normalization was performed. After that, since the

number of bipolar samples were limited, bipolar datasets (GSE5388, GS5389,

GSE925) that constituted in the same platform (GPL96) were merged and nor-

malized together 2.2.2. As indicated before, 238 samples met inclusion criteria

after filtration step. Due to the data size, normalization of GSE25219 was not

able to be performed on personal computer. Having been tried on several comput-

ers Rstudio encountered the same error of memory insufficiency. Google provides

a service to create a high feature computer in its cloud system charged monthly

based on the computer engine’s features. However, we were able to use the one

month free trial and benefit from the higher memory and high CPU performance
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for big data analysis. Thus, we applied the normalization on Google cloud com-

pute engine without error.

”OLIGO” which is one of the Bioconductor packages, has been used for

Affymetrix data preprocessing [55]. With personally written Rscript first, CEL

files were read as the raw intensity files and RMA method has been used for

normalization. This algorithm is included background-adjustment/subtraction,

quantile normalization and log-transformed perfect match values. To double

check the normalization results we took before and after normalization visual-

isation with box plot and histogram as shown in figure 2.2.2. Since all of the

datasets that included in this study are Affymetrix GeneChip array, same nor-

malization steps were applied for both healthy and bipolar datasets.

2.2.2 Sliding Window Approach and Differential Gene

Expression analysis

In the first round of analysis, expression profile of healthy brain was in-

vestigated by comparison of AYA period versus remaining developmental stages

(as indicated in the ”2.1.1.1 Healthy Brain Dataset-GSE25219”). To sum up,

in order to make our analysis more sensitive, the data of adolescence and young

adulthood (AYA) group samples, were separated by age to compare individually

with other groups (15 years old, 18 years old, 19 years old, 21 years old, 22 years

old, 23 years old). Differentially expressed genes were evaluated with student’s

t-tests with equal variance (R version 4.0.1). Based on sliding window approach,

we compared the mean values of separate ages of AYA group with infancy, early

childhood, middle and late childhood, early adulthood, and middle adulthood

respectively. After collecting all t-test results of one developmental stage, and

merging them together (INF vs 15Y, INF vs 18Y, INF vs 19Y, INF vs 21Y, INF

vs 22Y, INF vs 23Y) afterwards, we searched for the shared genes by all com-

parisons. Further, same steps were applied for EC, MLC, EA, MA, LA groups

as well, like it is shown in figure 2.2.2. After collecting all of statistical analysis

results, samples with p-values less than 0.05 were defined as significant. Later on
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selected probesets according to significant level, Benjamini-Hochberg correction

was applied [56] (via FSA package) and candidate probesets were identified and

annotated for each group. As it was expected infancy and adulthood period had

more differentially expressed genes while middle and late childhood and early

adulthood had least by comparison of adolescence period. Plots were drawn with

ggplot2 from tidyverse package.

In the second round of analyses, similar to first step, bipolar data is sep-

arated by age into developmental stages. Since bipolar disorder is usually diag-

nosed after the 20s, the age of samples included in the datasets starts from 19.

By combining bipolar samples of three datasets (GSE5388, GSE5389, GSE92538)

together we had 4 samples for adolescence group, 20 samples for early adulthood,

39 samples for middle adulthood, and 20 samples for late adulthood. After sep-

arating age groups, we investigated the differentially expressed genes to find out

bipolar brain development changes in transcriptomic level.

2.2.3 Gene Set Enrichment Analysis

Since we want to investigate differentially expressed genes’ biologically

significant inferences, we used the gene lists from previous analysis for gene set

enrichment analysis(GSEA). GSEA is applied in R by downloaded package of

clusterProfiler, version ”3.8”. Gene Ontology (GO) annotation source were used

to classify genesets and understanding significant genesets’ function besides their

products. For visualization, dotplots were created with GeneRatio, enrichplot

package provided the enrichment map that shows the network of enriched genesets

and pathview for their functions image.

12



Figure 2.1: Detailed diagram of sliding window approach that was used for DEG
analysis. Marked figure shows the Infancy and AYA group comparison. As can be
seen, the infancy expression values are compared with separate ages microarray
measurements of Adolescence and Young Adulthood period (15 years old, 18
years old, 19 years old, 21 years old, 22 years old and 23 years old) respectively.
Then, it is investigated whether there are common significant genes between those
comparisons. This filtering is given ”INF vs AYA” period in other words, genes
that differentially expressed genes between the group of interest and AYA period.
Remained sub figures represents other developmental stages which undergo same
steps. INF: Infancy, EC: Early Childhood, MLC: Middle and Late Childhood,
EA: Early Adulthood, MA, Middle Adulthood, Late Adulthood
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Chapter 3

Results

3.1 Normalization of Raw Data

After downloading the raw data from the Gene Omnibus Database, RMA

method was applied as normalization method. For GSE25219 dataset the data

was filtered by brain regions and age information. For bipolar datasets, 3 different

datasets with accession numbers; GSE5388, GSE5389, GSE92538 were collected

together and were normalized together [Fig. 3.1] to determine bipolar brain devel-

opmental changes. In addition to that, they are normalized separately for patient

and control group comparisons. Results of normalization are shown in the figure

3.1. The upper image represents data prior to normalization, the middle image

represents the data adjusted for the batch effect and the image below represents

data after normalization.
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(a) GSE25219-Before normalization (b) GSE25219-After normalization

(c) Bipolar datasets-Before normalization (d) Bipolar datasets-After normalization

(e) Bipolar datasets-Before normalization

(f) Bipolar datasets-After normalization

Figure 3.1: Datasets’ plots change in log2 levels with normalization. (a) and
(b) show density plots of healthy brain dataset (GSE25219) and (c), (d), (e), (f)
demonstrate the combined bipolar datasets (GSE5388, GSE5389, GSE92538). As
it is expected, range of the data is diminished and feature of the data became more
smooth in terms of density level. However, the range change is not as smooth
as the transition in GSE25219. Because the data combined of three different
datasets, and that may be influence the distribution scale.
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3.2 Differentially Expressed Gene Analysis

To identify differentially expressed genes, student’s t-test was applied to

the normalized data. Adjusted p-value was calculated with Benjamini Hochberg

(BH) method. Significant probesets were describes with —log 2 FC (fold-

change)> 0 and an adjusted P value < 0.01. Annotation of significant transcripts

was identified with custom written function.

3.2.1 Healthy Brain Dataset-GSE25219

As stated in the method section, we had divided the GSE25219 dataset

into 7 separate groups; Infancy(INF), Early Childhood (EC), Middle and Late

Childhood (MLC), Adolescence and Young Adulthood (AYA) Early Adulthood

(EA), Middle Adulthood (MA), Late Adulthood (LA). Instead of evaluating the

AYA period as a group we also separated it into the ages; 15 years old, 18 years

old, 19 years old, 21 years old, 22 years old and 23 years old. After separating age

groups, we applied t-test to each group. Next step was revealing shared probesets

for each development group in different age comparisons. As a result of this, 57

genes for INF, 4 genes for EC, 4 genes for MLC, 14 genes for EA, 25 genes for

MA, 75 genes for LA are identified with AYA comparison as shown in Table 3.1.

In the appendix A you can see the detailed list of these genes.

Table 3.1: Corrected t-test results for separate ages and developmental stage
comparison in healthy brain dataset (GSE25219)

INF EC MLC EA MA LA

15Y 2574 1469 4779 3764 3115 4502
18Y 5524 2695 10092 9100 6465 7638
19Y 5071 4851 1386 1653 1942 3467
21Y 2410 1907 3104 3546 1739 2986
22Y 6371 7931 2363 2485 3024 3228
23Y 10063 10845 3529 4156 4047 5166

57 4 4 14 25 75
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Figure 3.2: Barplot of DEG Analysis results in healthy brain dataset (GSE25219).
While x-axis demonstrates the different groups of ages, y-axis shows the number
of differentially expressed genes. Different colors of boxes show result of sepa-
rate age comparison. INF:Infancy, EC:Early Childhood, MLC: Middle and Late
Childhood, EA:Early Adulthood, MA: Middle Adulthood, LA:Late Adulthood

Since AYA period is in the middle of developmental stages (INF, EC, MLC,

AYA, EA, MA, LA) results of gene expression changes are proven this pattern:

as age of the group closes to AYA period, the number of differentially expressed

genes are reduced as shown in the Figure 3.2. The full list of common significant

genes and their t-test p values are given in APPENDIX A.

3.2.2 Bipolar Brain Datasets-GSE5388/GSE5389/GSE92538

Since 3 post-mortem microarray datasets are related with our research

question and they conducted by using same platform (Affymetrix Human Genome

U133A Array), we combined and normalized them together. We divided the sam-

ples according to the age information provided. Since bipolar disease diagnosis is

made based on showing symptoms in early 20s, datasets only included samples

starting from 19 years old. So, after combining samples, we had 4 AYA,20 EA,

39 MA, 20 LA samples. EA vs AYA gives 91 probesets and 87 genes, MA vs

AYA gives 213 probesets and 206 genes, LA vs AYA gives 199 probeset and 194

genes. Same steps of applying t-test, were repeated for bipolar datasets as well.

The full list of significant genes and their p value are given in APPENDIX A.
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Figure 3.3: Volcano plots of DEG Analysis-healhty brain dataset (GSE25219).
It shows differentially expressed genes by plotting log2 (fold change) against the
–log10 of the pvalue of the statistical test used. The circle dots indicates differ-
entially expressed genes, light red show downregulated genes and dark red dots
show upregulated genes

Figure 3.4: Volcano plots of DEG Analysis-bipolar brain datasets (GSE5388/
GSE5389/GSE92538). It shows differentially expressed genes by plotting log2
(fold change) against the –log10 of the p-value of the statistical test used. The
circle dots indicates differentially expressed genes, light red show downregulated
genes and dark red dots show upregulated genes
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(a) Healthy brain dataset (GSE25219) (b) Bipolardatasets(GSE5388/GSE5389/GSE92538)

Figure 3.5: Common significant genes between healthy brain and bipolar datasets’
comparison. Colourful lines represent one different gene, x axis shows develop-
mental stages and y axis represents genes’ expression values. While (a) represents
genes behavior in healthy brain, (b) illustrates its behavior on bipolar samples

3.2.3 Comparison of results of bipolar brain development

and healthy brain development

After the significance test with ages we compared the results for common

differential expressed genes. We had found 6: CSFR1, LPL, LPPR1, MT1G, and

RPS4Y1, SLCO2B1 genes. After drawing expression graphics both for healthy

and bipolar samples, unfortunately we did not find difference. While CSF1R,

LPPR1, RPS4Y1, SLCO2B downregulated with age increase, LPL, MT1G up-

regulated by age.

3.2.4 Gene-level changes in bipolar disorder

We also analyzed the bipolar datasets as individually by given disease

status. We did not combined datasets together because each dataset had already

enough sample size for the comparison. In table 3.2 you can see the number

of differentially expressed genes and shared genes with GSE25219 dataset. As
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a result of this GSE92538 has 4, GSE5388 had 7, GSE5389 had 8 commonly

expressed genes. After that, we had drawn the expression level graphics to see

changes both with development and with bipolar disorder separately.

Table 3.2: t-test results in bipolar datasets and information of commonly ex-
pressed gen

Dataset Accession
ID

# of differentially
expressed genes

Gene Symbol Dev. Stage

GSE92538 79 A2M MA
CTSC MA
LPL MA
SLC14A1 MA, LA

GSE5388 1036 DPYSL3 INF
HIVEP3 INF
TUBB2A INF
HECA EA, LA
OGT LA
SNRPN LA
TRIM62 LA

GSE5389 985 EID1 MLC
CD84 MA
CCDC91 LA
MT1G LA
MT1H LA
OGT LA
PDE3A LA
SNRPN LA
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(a) GSE5388

(b) GSE5389

Figure 3.6: Common significant genes between healthy (GSE25219) and bipo-
lar datasets’ (GSE5388, GSE5389) comparison. Colourful lines represent each
significant gene, x axis shows developmental stages and y axis represents genes’
expression values. (a) includes graphics of common genes between GSE5388 and
GSE25219. (b) consist of expression graphics of genes’ that are common between
GSE5389 and GSE25219.
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1.2

Figure 3.7: Common significant genes between healthy (GSE25219) and bipolar
dataset’s (GSE92538) comparison. Colourful lines represent each significant gene,
x axis shows developmental stages and y axis represents genes’ expression values.

3.3 Gene Set Enrichment Analysis

Transcriptomic level analysis was followed by geneset enrichment analy-

sis. For this method BH-correction was used for multiple-testing was p-value

cut off had chosen as < 0.01. Significant pathways were identified by using Gene

Ontology (GO) source. Enrichment networks and dotplots were created via ”clus-

terProfiler” packages of R programming language.

For GSE25219 dataset, we followed same steps in gene-level analysis and

compared developmental stages with separate ages. Then, we looked for the

same genesets between each comparison. In table ??. you can see the detailed

GSEA results of GSE25219. Common pathways were; 2, 133, 37, 67, 95, 118 GO

pathways for INF vs AYA, EC vs AYA, MLC vs AYA, EA vs AYA, MA vs AYA,

and LA vs AYA comparisons.

For GPL96 platform bipolar datasets, divided data (according to age) is

compared for genesets. EA and AYA comparison, MA and AYA comparison, LA
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and AYA comparison resulted with 682, 579 and 470 GO pathways respectively.

After applying GSEA for both bipolar and healthy samples by development

we looked for the common geneset. This way, we found 10, 5, 8 common genesets

for EA, MA, LA comparisons both differentially expressed in healthy and bipolar

datasets. 3 of them were differentially regulated with the disease; these distinct

pathways might be used for the identification of disease susceptibility and develop

effective treatment methods. The full list of all significant pathways and their

t-test p values are given in APPENDIX A.

Table 3.3: GSEA results of GSE25219 dataset

INF EC MLC EA MA LA

15Y 786 1787 3099 3087 3145 3322
18Y 751 1919 3092 3627 3365 3276
19Y 1108 3948 2122 2898 2967 3031
21Y 759 2264 2980 2283 2045 2596
22Y 1059 4327 2263 2165 2280 2374
23Y 1279 3554 1891 2401 1886 3053

2 133 37 71 95 118
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Table 3.4: Common enriched pathways between bipolar and healthy brain

Early Adulthood
Dataset description BD Healthy
humoral immune response negatively enriched positively enriched
RNA splicing negatively enriched negatively enriched
mRNA splicing, via spliceosome negatively enriched negatively enriched
Sm-like protein family complex negatively enriched negatively enriched
small nuclear ribonucleoprotein complex negatively enriched negatively enriched
lysosomal membrane negatively enriched negatively enriched
lytic vacuole membrane negatively enriched negatively enriched
endopeptidase inhibitor activity negatively enriched positively enriched
peptidase inhibitor activity negatively enriched positively enriched
detection of chemical stimulus negatively enriched positively enriched

Middle Adulthood
Dataset description BD Healthy
peptide cross-linking positively enriched positively enriched
histone acetyltransferase activity negatively enriched negatively enriched
humoral immune response negatively enriched positively enriched
killing of cells of other organism positively enriched positively enriched
serine-type peptidase activity positively enriched positively enriched

Late Adulthood
Dataset description BD Healthy
spliceosomal complex negatively enriched negatively enriched
cellular transition metal ion homeostasis negatively enriched negatively enriched
oxidoreductase activity negatively enriched negatively enriched
mitochondrial membrane negatively enriched negatively enriched
mitochondrial inner membrane negatively enriched negatively enriched
mitochondrial envelope negatively enriched negatively enriched
sensory perception of chemical stimulus negatively enriched positively enriched
organelle inner membrane negatively enriched negatively enriched
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Chapter 4

Discussion

The main purpose of this study is to identify molecular signature of devel-

opment of bipolar disorder. To achieve this goal, we examined the transcriptomic

level changes in working memory areas from both bipolar and healthy brain sam-

ples that were collected from individuals who were in different life stages. We

had used one dataset that comprised of samples from different ages of healthy

individuals, and 3 different datasets which contained samples from bipolar and

control groups. For each comparison, students’ t-test and Benjamini-Hochberg

correction applied and the transcripts whose p value less than 0.01 are listed as

significant genes.

At the first stage of analysis, we examined healthy brain dataset by sep-

arating data into six different developmental stages (infancy, early childhood,

middle and late childhood, early adulthood, middle adulthood, late adulthood)

and comparing them with the ages of adolescence stage individually (15Y, 18Y,

19y, 21Y, 22Y, 23Y) to collect more significant results. Hence, for each group

comparison, 6 different t-test results were collected and by gathering them to-

gether we aimed to find number of commonly expressed genes. As a result of

this examination we have found 57 transcripts for INF, 4 transcripts for EC, 4

transcripts for MLC, 14 transcripts for EA, 25 transcripts for MA, 75 transcripts

for LA (table 3.1). As we expected, number of commonly expressed genes are
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decreased from infancy to adolescence and young adulthood than increased again

starting from early adulthood to late adulthood; detailed information can be seen

in figure 3.2

After revealing the transcriptomic signature of healthy brain accordingly

our research question, we had started to work on bipolar datasets. When we took

out the control samples only bipolar samples were remained, and the age range

of bipolar brains were limited. Since we wanted to find differentially expressed

genes by age, and to collect significant results; we combined 3 different bipolar

datasets which conducted in the same microarray platform. After merging, we

had 4 samples for AYA, 20 samples for EA, 39 samples MA, 20 samples for LA.

Since we did not have samples from infancy and childhood period, we compared

AYA group with early adulthood, middle adulthood, and late adulthood. As a

result of DEG analysis of bipolar brains 87 genes for EA, 206 genes for MA and

194 genes for LA were identified as significantly changed by age.

Following obtaining healthy and bipolar brain development in transcrip-

tomic level, we checked the results to find whether there are common genes that

differentially expressed in both comparisons. In conclusion, even though we de-

tected six common significant genes (CSF1R, LPL, LPPR1, MT1G, RPS4Y1,

SLO2B1) we did not see different pattern for expression level changes as it can

be seen in figure 3.4. Since we could not observe distinct way of regulation in

healthy brain and bipolar brain development, we could not target a new bio

marker transcript for bipolar disorder development.

It was a remarkable finding 6 common differentially expressed genes among

comprehensively analyzed healthy and bipolar datasets. When significant genes

were identified, we wanted to check if they were already associated with mental

illnesses in previous reports. We found out that CSF1R (macrophage colony stim-

ulating factor 1 receptor gene) and LPL (lipoprotein lipase gene), are strongly

associated with immune system [57, 58]. In addition to CSF1R being associated

with psychiatric disorders [59], it was also shown while it had low expression in

MDD and SCZ samples, researchers can not detect any changes from BD sam-

ples [60]. Although LPL gene encoding has not been associated with psychiatric
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disorders yet, it was found to have different regulation in some neurological dis-

eases; such as Alzheimer’s Disease [61]. When we checked that specifically men-

tal illnesses, previous reports about second generation anti psychotics also affects

lipoprotein metabolism [62]. Therefore, we believe that if we could identify how

LPL is affected by the disease, in addition to developing better treatment meth-

ods, it could reduce misdiagnosis rate. Moreover, literature review shows that,

even if LPPR1, (phospholipid phosphatase-related protein type 1) has not been

found in relation to BD, its variants might be good candidates for Parkinson’s

disease diagnosis [63]. Furthermore, the expression of LPPR1 was detectable in

SCZ [64].

Among other significant genes, MT1G, that is a metallothionenin gene

family member, was reported in many psychiatric studies. Adolfo Sequeira and his

colleagues conducted a research on suicide and mood disorder relationship in gene-

level by comparing different microarray datasets. They illustrated that MT1G

was significantly downregulated with the samples whose death cause was suicide

[65]. Another meta analysis has shown metallohionein encoding genes were over

expressed in BD and SCZ patients [66]. In addition to being a possible target gene

for mood disorders, Seifuddin et al. reported that MT1G was highly expressed in

the prefrontal cortex [67]. Another gene might be related with mental illnesses is

Solute Carrier Organic Anion Transporter family member 2B1 (SLCO2B1) gene.

It has been shown to be significantly associated with suicidal behavior in mood

disorders: depression and anxiety [68]. Lastly, our final significant gene is located

in Y chromosome and reported in a study which was conducted to detect bipolar

susceptibility in different sexes. They claimed that it may be used to classify

lithium response changes in male patients [69].

In addition to previous analysis, we did another examination to check

whether significant genes in GSE25219 comparisons, are also determined in bipo-

lar datasets or not. However while working on this hypothesis, we used a slightly

different approach which is independent from age. Fundamentally, we only

changed second step of the previous analysis. Instead of comparing only bipolar

samples among different ages, we compared control and bipolar group that are
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provided in the same dataset. As a result of this approach; we have found differ-

ent genes for different datasets. To be more specific we listed; A2M, CTSC, LPL,

SLC14A1 genes for GSE92538. In GSE 5388 dataset DPYSL3, HECA, HIVEP3,

OGT, SNRPN, TRIM62, TUBB2A was shared with healthy datasets’ results.

We found CCDC91, CD84, EID1, MT1G, MT1H, OGT, PDE3A, SNRPN for

GSE5389. By looking expression graphics of these genes, 7 genes were demon-

strated to have different type of regulation in healthy and BD samples. Therefore,

we claimed that these 7 genes can be candidate genes for bipolar disorder which

are detectable for adolescence period in healthy brain. If we look at the graphs

in a closer view, while SLC14A1, OGT, SNRPN, CCDC91, EID1 were upreg-

ulated in healthy brain after AYA period, they were downregulated by bipolar

disorder. Literature review presents that SLC14A1 was reported as a suicide sus-

ceptibility candidate gene for bipolar and schizophrenia patients [70]. OGT was

identified as one of gene that is responsible from impairment in glycan biosynthe-

sis metabolism in BD and SCZ [71]. Even if SNRPN had no direct link between

to BD, its methylation levels affects many genes’ expression levels [?]. For a

side note, OGT and SNRPN have been found in two datasets comparison. On

the other side of the coin there were two genes that were regulated in opposite

directions. Furthermore, our analysis results and previous studies were on the

same page about down regulation of CCDC91 with BD [72]. GWAS reports show

that EID1 plays a fundamental role in neuron cell development and neuronal

cell functionality and it has been found association with neurodevelopmental dis-

order. Although it has not been associated with BD yet, Budde et al. claims

because of its biological function EID1 might be a target for BD as well [73].

Apart from these genes, HIVEP3, PDE3A were downregulated in healthy brain

and upregulated in bipolar disorder. A comprehensive CNV study noted that

HIVEP3 is related to the developmental brain disorders but has not specifically

been indicated in BD [74]. PDE3A is another gene that related with lithium re-

sponse in BD patients [75]. TRIM62 is upregulated from infancy to AYA period

and downregulated from AYA to late adulthood. Interestingly, we found that

TRIM62 which is mostly associated with cell proliferation and tumour cells is

upregulated in bipolar disease [76].
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It is crucial to convert this measurements to biologically meaningful re-

sults. Since only microarray results does not give robust information about BD,

for further analysis, we applied geneset enrichment analysis to identify biological

functions. Although significant transcripts have been found in our analysis was

associated with bipolar disorder directly or indirectly, we also want to see brain

development and bipolar disorder in terms of geneset analysis. For this purpose

we applied GSEA to datasets separately. Our results provided three possible

target pathways that regulated differently in bipolar and healthy brain samples.

Notably immune system activity was significant in both bipolar disorder and

brain development. Immune system is still a conflicted subject in psychiatric re-

search. Many studies focused on revealing the link between bipolar disorder and

immune system. Yet, how they affect each other is still unclear. To overcome this

issue Rosenblot suggested four possible scenarios about their association based

on previous reports. Figure 4.1 summarizes these possible scenarios [77]. Under-

standing the relationship between immune system and BD will be an important

step towards effective treatment and diagnosis of BD.

Second significant geneset is Endopeptidase inhibitor activity and it plays

crucial role for the cell metabolism and regulatory process. When we investigated

its association with mental illnesses we saw by several scientist, different type of

enzymes have been indicated as a target. For instance, Maes et al. conducted

a study to check enzyme activity alterations in individuals with BD and SCZ

according to treatment conditions. They observed that while activity of ”prolyl

oligopeptidase”,one of the endopeptidase, was increased in untreated BD patients,

surprisingly it was decreased in treated BD patients. [78]. Breen et al checked the

peptidase inhibitor activity in human plasma from mental patients and measured

the influence levels of the enzyme. They found the pathway had low expression

in BD, but shown no change in SCZ [79]. Therefore, our results also point that

it may be affected by development of bipolar disorder.

The last geneset is detection of chemical stimulus involved in sensory per-

ception. We found that it was negatively enriched in BD whereas upregulated in

healthy dataset. Sensory perception is a cognitive process which receive chemi-

cal and physical stimulus from environment and convert into information. So, it
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Figure 4.1: Possible correlation between bipolar disorder, inflammatory comor-
bidity and immunity. Four different interaction types are shown with sub figures;
a, b, c, d. While ”a” illustrates how immune dysfunction gives rise to BD and
causes inflammatory comorbidity, in ”b” bipolar disorder lead to immune system
impairment therewith inflammatory problems arise. Sub figure ”c” shows the
opposite direction of ”b”. Lastly, ”d” demonstrates bidirectional effects of three
medical problems.[77]
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undoubtedly is a neurological process. Also, we know that cognitive impairments

are common for individuals who suffers from BD. Interestingly, a literature review

about sensory perception and the relationship with BD is poor. While one re-

cent study focuses on the olfactory responses from different mood phases for BD

patients [80], other study measures the olfactory and visual processes in major

depressive disorder according to treatment [81]. Even though we could not find

a clear explanation about sensory perception and mood disorders, we know that

it is affected and altered the sensitivity. A comprehensive study about Major

depressive disorder (MDD) genetics study also shown that both immune system

processes and detection of chemical stimulus in sensory perception is affected in

MDD.[82]

Overall, current study suggests some of the possible targets for BD, but

it is important to indicate potential limitations. First, for healthy brain dataset,

we had uneven sample distribution for different developmental stages. For future

aspects, the analysis could be conducted for larger sample size.

Second, to detect association of small effects we performed a number of

analyses. Due to number of analysis steps, the study is prone to false negatives.

Moreover, for bipolar dataset, we completely disregard the treatment effects.

Because, besides anti psychotic treatment, it is possible to take immune system

regulators that also changes the transcriptomic levels. Related with previous

limitation, three different bipolar was used datasets to compare one healthy brain

datasets thus, heterogeneity was another problem of this study. Furthermore, we

did not explore the effect of brain development separately on different mood

phases. Both gene-level and geneset level analysis show a potential target for BD

which is immune system and its regulations. Therefore, targeting the immune

system promises to improve understanding of BD pathology.

By using age information, the study could be also conducted for RNA-seq

data instead of microarray. If we want to do some clinical investigation besides in

silico work, we could validate potential biomarkers with real time PCR method

from blood samples. Moreover, more in silico work may help to take out treatment
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effects on the analysis results. If there is a confusion factor for both treatment ef-

fects, sex and sample size, by combining bioinformatics method and blood samples

from patients may improve prediction of development effects in bipolar disorder.

Also it may help to understand drug efficiency in patients according to genetic

background and sure thing that it also contribute to the personal medicine part

of psychiatry. Lastly, our results suggest that the methodology could be used in

treatment analysis and extended to other platforms or RNA-Seq data and provide

insight to brain development based bipolar disorder transcriptome.

It was surprising that most of the molecular pathways are related with

immunity. As it is indicated in table 3.4. The literature also indicate that these

pathways might be affected by treatment. So further studies are required to

clarify if the disease affect these pathways’ expression or not.

This is to our knowledge the first study to investigate development of BD

in WM-related areas. Based on transcriptomic and geneset level analysis, our

results point to immune system pathways as potential molecular target for BD.

In addition, the present findings point to a close relation between immune system

and brain development. Replication studies with larger groups of postmortem

samples and blood samples are required to validate the results of this study.
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