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ABSTRACT

A study on transcriptional and metabolic response of S. cerevisiae cells to
environmental and genetic perturbations was made. Deletion mutants with BY4743
backgound were used. Homozygous deletion mutants hoA/hoA (reference strain),
hap4A/hap4 A, oxal Aloxal A, bes1A/bes 1A, ripl Alvipl A, migl A/migl A, and mbal A/mbal A
and heterozygous deletion mutants HAP4/hap4A, RIP1/ripl A and RIP1/migl A were grown
aerobically in continuous chemostat reactors. The samples were collected after three

retension times and analysed for biomass, mRNA and metabolite contents.

Transcriptional response of the yeast cells to gene deletions and growth conditions
enabled investigation of transcriptional regulation of central carbon metabolism. Novel

regulation information was extracted using present data set.

Integration of metabolic and transcriptome data was accomplished using partial least
squares (PLS) method, which enables modelling of metabolic data using transcriptome
data. Results of PLS indicate the genes which may mediate the changes in metabolites due

to perturbations applied.

Functional annotation to 17 unknown ORFs were annotated functions depending on
the genes they are transcriptional correlated. A network among the genes with correlated
transcription was constructed and its prediction power of existing annotations was tested.
Data from other sources (amino-acid sequence similarity, protein-protein interaction,
shared transcription factors) were combined with transcription data to improve the network
and prediction power. It was concluded that integration of information from various
sources enables better prediction of functions of known genes and allows more unknown

ORFs to be annotated.

Results of this study revealed transcriptional regulation relations unknown
previously, allowed functional annotation of more than 500 unknown ORFs and a link

between metabolome and transcriptome profiles of S. cerevisiae is constructed.



OZET

S. cerevisiae hiicrelerinin cevresel ve genetik degisiklere verdigi transkripsiyon
tepkisi and metabolik tepkiler lizerine bir ¢alisma yapilmistir. BY4743 temelli homozigot
delesyon mutantlart hoA/hoA (referans alman sus), hap4A/hap4A, oxalAloxalA,
bes1A/besl A, ripl Avipl A, migl A/migl A ve heterozigot delesyon mutantlart HAP4/hap4 A,
RIP1/ripl A, MIG1/migl A havalandirmali ve siirekli chemostat reaktorlerde biiytitiilmiistiir.
Ug retensiyon zamani sonrasinda toplanan ornekler, biyokiitle, mRNA ve metabolit

konsantrasyonu analizlerine tabi tutulmustur.

Maya hiicrelerinin gen delesyonlarina ve biiylime kosullarina verdigi transkripsiyon
tepkisi, merkezi karbon metabolizmasinin transkripsiyon regulasyonunun incelenmesini

miimkiin kilmigtir. Elde edilen verilerle, yeni regulasyon bilgilerine ulagilmistir.

Metabolit ve transkripsiyon verilerinin biitiinlestirilmesi, kism1 en kiiclik kareler
(PLS) metodu ile gerceklestirilmistir. Boylece transkripsiyon verileri kullanarak metabolit
miktarlariin  modellenmesi miimkiin olmustur. PLS sonuclari, biiylime kosullarinda
yapilan degisiklikler sonucunda metabolit miktarlarinin degismesine sebep olan genlerin

belirlenmesini saglamistir.

Transkripsiyonu korelasyon gosteren genler arasinda bir ag olusturulmus ve bu agin
varolan fonksiyon atamalarini tahmin edebilme giicii test edilmistir. Agmn
zenginlestirilmesi ve tahmin giiciiniin arttirilmasi amaci ile diger veri kaynaklarindan
alman bilgiler (aminoasit dizilimi benzerligi, protein-protein etkilesimi, paylagilan
transkripsiyon faktorleri) transkripsiyon verileriyle biitiinlestirilmistir. Cesitli bilgi
kaynaklarindan alinan bilgilerin biitlinlestirilmesinin, bilinen genlerin fonsiyonlarinin daha
iyl tahmin edilebilmesini ve fonksiyonu bilinmeyen bircok gene fonksiyon atanmasini

saglamaktadir.

Bu calismanin sonuglari, daha Once bilinmeyen regulasyon iligkilerinin ortaya
cikarilmasini, bir ¢ok bilinmeyen gene fonksiyon atanmasini ve metabolitler ile

transkripsiyon profilleri arasinda bir iliski kurulmasini saglamistir.
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1. INTRODUCTION

Genetic research on Saccharomyces cerevisiae has been crucial because of industrial
importance of this unicellular eukaryotic yeast. Its ease of genetic manipulation and
similarity to higher eukaryotes placed S. cerevisiae as a model organism in functional

genomics and systems biology.

Genome sequencing of S. cerevisiae genome was completed in 1996 (Goffeau et al.,
1996) and a library of deletion mutants was constructed covering deletion mutants of
almost all open reading frames (ORFs) (EUROSCAREF, 2003). The literature survey on the
yeast S. cerevisiae and the recent genetic research focused on S. cerevisiae is given in the

“Literature Survey” section.

In this study, transcriptome and metabolome data were collected from S. cerevisiae
deletion mutants growing aerobically in nutrient limited chemostats. The experiments
conducted are described and the list of the materials used are given in “Experimental
Materials and Methods” under the section “Materials and Methods”. The software and
mathematical methods used in data analysis are given in the “Mathematical Materials and

Methods” subsection.

The results of this study relate to four main topics. First, transcriptional regulation of
central carbon metabolism of S. cerevisiae was investigated along with the regulation of
respiratory chain. Results are given in the section “Transcriptional Regulation of Central

Carbon Metabolism of S. cerevisiae”.

Integration of metabolome data and transcriptome data was made to identify the
genes related to changes in metabolism data. The discussion of the methodology and the

results are given in the section “Integration of Metabolome and Transcriptome Data”.

The ORFs significantly affected by the perturbations were selected using linear
modelling and ANOVA. 50 unknown ORFs reported to be affected in more than two

perturbation experiments (including the experiments conducted in the present study) were



selected for detailed analysis. 17 of these ORFs were annotated with novel functions, a
literature survey was carried out to find evidence to support these novel annotations. These
annotations were compared with annotations made by automated annotation algorithms
(AVID, GeneFas, String). The results and discussion of this work are given in the section,

“Functional Annotation of Unknown Yeast ORFs”.

Biological networks connecting the ORFs that were observed to have a shared
property (co-expression, amino-acid sequence similarity, protein-protein interaction,
shared transcription factors) were constructed and the prediction power of these networks
for functional annotation of unknown ORFs were tested on GO biological process and
molecular function term networks. More than 500 unknown ORFs were annotated novel
functions. An algorithm was proposed and the software “PredPower” was developed which
is composed of a group of MATLAB programs to carry out the computations. The
algorithm and results are given in the section “Investigation of Prediction Power of

Networks for Functional Annotation”.

In this study, analysis of the collected experimental data via various bioinformatics
tools elucidated transcriptional regulation relations that were unknown previously, allowed
functional annotation of many unknown ORFs and a link between metabolome and
transcriptome profiles of S. cerevisiae to be constructed. An overall picture of the
biological facts elucidated in this study and further directions are given in section
“Conclusions and Recommendations”. This work provides further evidence that
transcriptome and metabolome data are invaluable resources in functional genomics and

systems biology research.



2. LITERATURE SURVEY

2.1. History and Importance of Yeast Research

Yeasts are unicellular fungi which have been used by mankind to produce alcoholic
beverages and leaven bread dough for millenia. The brewing of beer probably represented
the world’s first biotechnology and yeast played a central role in food production and
conservation due to its ability to ferment glucose to ethanol and carbon dioxide. Beside
being useful in daily brewing and baking practice, yeast, (as a simple, unicellular
eukaryote) developed into a powerful model system for biological research. Its prominent
useful features are cheap and easy cultivation, short generation times, detailed genetic and
biochemical knowledge accumulated in many years of research and ease of the application
of molecular techniques for its genetic manipulation. Thus, this organism provides a highly
suitable system to study biological processes that are relevant for many higher eukaryotes

including man (Table 2.1).

After determination of the complete genome sequences of two prokaryotes, M.
genitalium and H. influenzae, the first complete genomic DNA sequence of a eukaryote, S.
cerevisiae, has been unraveled as a result of a worldwide scientific collaboration (Goffeau
et al., 1996). Bioinformatics has helped to assemble the DNA sequence of the 16
chromosomes in yeast and to extract the aminoacid sequences of more than 6000 open
reading frames (ORFs) with a length of more than 99 codons. The analysis of the

mitochondrial genome defined 32 ORFs, 4 of which are smaller than 100 amino acids.

2.2. Yeast Cytology and Mitochondrion

The yeast S. cerevisiae is a unicellular eukaryote. It has the major organelles nucleus,
mitochondria, Golgi apparatus, secretory vesicles, endoplasmic reticulum, vacuoles and
microbodies. The cytoplasm contains ribosomes and occasionally plasmids, and the
structural organisation is maintained by a cytoskeleton. The cellular contents are encased
by an envelope comprising plasma membrane, periplasm and cell wall. Yeast cells share

many of the structural (and functional) features of higher eukaryotes, including the



mitochondria and, consequently, yeasts have been considered models for eukaryotic cell
science. The presence of a cell wall is the major structural difference between a yeast cell

and an animal cell (Walker, 1998).

Table 2.1. Milestones in the study and exploitation of yeast (Walker, 1998).

2000-6000 BC  Brewing (Sumeria, Babylonia), grape cultivation (Georgia), dough leavening (Egypt)

1680 Description of the microscopic appearance of yeasts (van Leeuwenhoek)

1830s Alcoholic fermentation associated with yeast budding (Cagnaird-Latour in 1835)

The name Saccharomyces cerevisiae, created for yeast observed in malt (Meyen in
1837)
Sugar acting as food source for yeast growth (Schwann and Kiitzing in 1839)

Late 1800s ‘All fermentations are correlative with physiological phenomena’ and fermentations
associated with yeast metabolism (Pasteur in 1857). The term ‘enzyme’ (Greek; ‘in
yeast’) introduced by Kuhne in 1877. Isolation of single yeast cells and employment of
pure yeast strains for brewing (Hansen, 1880-1883). The production of alcohol and CO,
from sugar by cell-free yeast extracts (E. and H. Buchner). Birth of biochemistry as a
new scientific discipline.

1920 Knowledge of yeast physiology, sexuality and phylogeny reviewed. (Guilliermond in
1920)

1930s-1940s Genetic studies commenced on brewing yeast (Winge, Lausen, Lindegren).

Demonstration of sexual reproduction and mating type system

1930-1960 Yeast taxonomy studies by Kluyver and the Delft School.
1970s First transformation of yeast in 1978 (Hinnen, Hicks, Fink and Beggs)
1980s-1990s First commercial pharmaceutical (hepatitis B vaccine) from recombinant yeast.

Completion of S. cerevisiae genome project (1996).

S. cerevisiae cells are generally ellipsoidal in shape with a large diameter ranging
from 5-10um, and a small diameter of 1-7 um. The mean cell volumes for a haploid and
diploid cell are 29 and 55 pm®, respectively. The mean cell size of S. cerevisiae also
increases with age and the nutritional environment also affects cell morphology. The
distinguishable cell types of S. cerevisiae are a, a, and a/a cells. The a and o haploid cells

are able to undergo mating with nuclear fusion which results in creation of a/a diploid

(Walker, 1998).

Yeast mitochondria structurally resemble those organelles found in higher

eukaryotes. Mitochondria, are membrane-bound organelles that convert energy to forms



that can be used by metabolic reactions. Each mitochondrion is bounded by membranes
creating two separate mitochondrial compartments: The internal matrix space and
intermembrane space. The intermembrane space is chemically equivalent to the cytosol
with respect to the small molecules it contains, the matrix space contains a highly selected
set of small molecules because of the impermeable inner membrane. Each membrane

contains a unique collection of proteins (Alberts ef al., 1994).

The major working part of the mitochondrion is the matrix space and the inner
membrane that surrounds it. The inner membrane contains variety of transport proteins that
make it selectively permeable to those small molecules that are metabolized or required by
the many mitochondrial enzymes concentrated in the matrix space. The matrix enzymes
include those that metabolize pyruvates and fatty acids to produce acetyl CoA and those
that oxidize acetyl CoA in the citric acid cycle. The enzymes of the respiratory chain are
embedded in the inner mitochondrial membrane, and they are essential for oxidative

phosphorylation, which generates most of the yeast cell’s ATP (Alberts ef al., 1994).

Most mitochondrial proteins of yeast (approximately 95 per cent) are encoded by
nuclear genes, synthesized on free cytoplasmic polysomes, and finally imported into
mitochondria. The circular mitochondrial DNA codes for only a few polypeptides: subunits
I, IT and III of cytochrome c oxidase; subunits 6 and 9 of the ATPase complex,
apocytochrome b and some maturases required for intron removal. In addition to these,
mitochondria have their own translational machinery. The components of the
mitochondrial protein synthesis apparatus coded by mitochondrial genes are the two
rRNAs (15S and 218, constituents of the small and large ribosomal subunits), a complete

set of tRNAs and a few mRNA species (Alberts et al., 1994).

The isolation and characterization of mitochondrial mutants of S. cerevisiae has
provided fundamental biochemical, genetic and molecular biological information on the
biogenesis and function of mitochondria. Moreover, respiratory-deficient mutants of yeasts
have been studied with regard to their possible exploitation in fermentation biotechnology.
For example, the use of petite mutants of S. cerevisiae in alcohol fermentation has been
suggested since alcohol yields can be quite high due to the cells’ insensitivity to oxygen

and their minimal diversion of carbon to cell growth. However, respiratory-deficient



petites grow more slowly than wild-type ‘grande’ strains of S. cerevisiae (Hutter and

Oliver, 1998).

2.3. Yeast Nutrition

Yeasts acquire essential elements from their growth environment from simple food
sources. Elements C, H, O, N, P, K, Mg and S are needed to be available at the
macronutrient level (approx. 10® M) and trace elements are needed at the micronutrient

level (approx. 10 M) (Walker, 1998).

S. cerevisiae is a chemoorganotrophic organism obtaining carbon and energy from
compounds in fixed, organic linkage. It can utilize the sugar types glucose, fructose,
mannose, galactose, sucrose and maltose by fermentative or respirative metabolism. Other
carbon sources (e.g. ethanol, acetate) can by utilized as respiratory substrates. Yeasts
cannot fix molecular nitrogen, thus simple inorganic nitrogen sources such as ammonium
salts are widely utilized. Ammonium sulphate is a commonly used nitrogen source in yeast
growth media since it also provides a source of assimilable sulphur. Yeast require sulphur

principally for the biosythesis of sulphur-containing amino acids (Walker, 1998).

Oxygen is an important yeast growth factor and S. cerevisiae is unable to grow well
in the complete absence of oxygen since oxygen is required for biosythesis of growth-
related molecules like sterols and unsaturated fatty acids besides being a substrate for
respiratory enzymes. Elemental hydrogen is available from carbohydrates and other
sources. Hydrogen ions (protons) are very important since variations in both extracellular
and intracellular pH affect the growth and metabolism of yeast cells. In growing cells,
intracellular pH is regulated to within a narrow range around 5.25 through the action of the
plasma membrane proton-pumping ATPase because pH level regulates yeast nutrient
uptake and subsequent metabolism. However, extracellular pH variations have limited
effect on the yeast cytosolic pH unless the cell is exposed to extreme values. Phosphorus is
present in nucleic acids and in phospholipids and therefore it is essential for S. cerevisiae.
A significant contribution to the negative charge of the yeast cytoplasm is due to presence

of inorganic phosphates and the phosphate groups in organic compounds (Walker, 1998).



Yeast’s requirements for minerals are similar to those of other cells, with a supply of
potassium, magnesium and several trace elements being necessary for growth. Growth
factors are organic compounds required in very low concentrations for specific catalytic or
structural roles in yeast, but are not utilized as energy sources. Yeast growth factors
include: Vitamins, purines and pyrimidines, nucleosides and nucleotides, amino acids, fatty

acids, sterols and other miscellanous compounds (Walker, 1998).

Yeasts absorb the nutrients mentioned above through the cell membrane as low
molecular weight compounds dissolved in water. Entry of water, which is essential for
growth, is controlled at the level of the cell envelope. Water permeability is rate-limited by
passage through both the yeast cell wall and plasma membrane. The driving force for water
inflow into fungal cells is the turgor potential, being the difference between the cells
osmotic potential and its water potential. The osmotic potential in S. cerevisiae is created
by the accumulation of solutes from the growth environment. Under steady-state
conditions, yeast may be considered as growing at relatively constant water potential

(Walker, 1998).

2.4. Central Carbon Metabolism of S. cerevisiae

Most yeasts utilize sugars as their preferred carbon and energy sources. The sequence
of enzyme-catalysed reactions that oxidatively convert glucose to pyruvic acid in the yeast
cytoplasm is known as glycolysis which is given in Figure 2.1 (the enzymes. Glycolysis
provides yeast with energy, together with precursor molecules and reducing power for
biosynthetic pathways. The key regulatory enzymes in glycolysis are irreversible
phosphofructokinases (PFK) and pyruvate kinase (PYC) whose activity is influenced by
numerous effectors, including ATP (Walker, 1998).

With regard to fermentation, several biotechnologically important yeasts including S.
cerevisiae are fermentative and, as such, are defined as organisms which use organic
substrates anaerobically as electron donor, electron acceptor and as carbon source. During
alcoholic fermentation of sugars, yeast re-oxidizes NADH to NAD in terminal step
reactions from pyruvate. In the first of these reactions pyruvate is decarboxylated to

acetaldehyde, catalysed by pyruvate decarboxylase (PDC), and then to reduced to ethanol



catalysed by alcohol dehydrogenase (4DH). Regeneration of NAD is necessary to maintain
the redox balance and prevent the stalling of glycolysis. An alternative means of

replenishing NAD is the pathway from dihydroxy acetone phosphate (DAHP) to glycerol.
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Figure 2.1. Central carbon metabolism of S. cerevisiae (Steinmetz et al., 2002).

Glycerol production maintains the redox balance of the cell but does so at the
expense of carbohydrate conversion to ethanol. Succinate, together with glycerol,
represents the major secondary fermentation product in S. cerevisiae. Succinate is thought
to be synthesized and secreted by yeasts, either following limited operation of the citric
acid cycle or by reductive linear pathways involving some citric acid cycle enzymes

(Walker, 1998).

In respiratory metabolism, glycolysis is followed by the citric acid cycle, the electron
transport chain and oxidative phosphorylation, which collectively extract most of the

energy (in form of ATP) from glucose. Also other carbon sources can be respired rather



than fermented in addition to glucose. Those substrates which are respired by yeast cells
include: pentoses, sugar alcohols, organic acids, aliphatic alcohols, hydrocarbons and

aromatic compounds.

Considering glucose respiration, in the presence of oxygen and absence of
repression, pyruvate enters the mitochondrial matrix where it is oxidatively decarboxylated
to acetyl CoA. This reaction is catalysed by the pyruvate dehydrogenase multi enzyme
complex (PDH) which acts as the link between glycolysis and the citric acid cycle. The
activated acetyl unit is then completely oxidized to two molecules of CO, by the TCA
cycle (tricarboxylic acid, citric acid or Krebs cycle), which is the final common pathway

for the oxidation of sugars and other carbon sources in yeast.

During the TCA cycle, hydrogens are transferred, in processes mediated by
dehydrogenase enzymes, to the redox carriers NAD and FAD, which become reduced. The
reduced carriers are reoxidized and oxygen is reduced to water via the electron transport
chain on the inner mitochondrial membrane. The energy released by the transfer of
electrons is used to synthesize ATP by oxidative phosphorylation. Glycolysis and TCA
cycle in yeasts therefore encompasses oxidation reactions which produce a small amount
of ATP by substrate-level phosphorylation and NADH. The latter is then processed by

electron transport to oxygen, as the terminal electron acceptor, to yield much more ATP.

The electron transport chain pumps protons out of the mitochondrial matrix across
the inner mitochondrial membrane to create a transmembrane proton gradient and a
membrane potential difference, which together comprise the “proton-motive force”. This is
the driving force used to synthesize ATP (by H'- transporting ATPase). The total yield of
ATP for complete oxidation of glucose by yeast cells is around 30. This is because each
pair of electrons in NADH generates about 1.5 ATP while succinate oxidation yields about
15 ATP. The proportion of energy which is not retained for use by the yeast cell as ATP is

largely dissipated as metabolic heat.

NADH produced in glycolysis cannot be oxidized directly within yeast mitochondria
due to impermeability of these organelles to NADH. Cytoplasmic shuttle processes enable

reduced cofactors to enter mitochondria. For example, the glycerophosphate shuttle utilizes
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NADH to reduce dihydroxyacetone to glycerol 3-phosphate and malate shuttle utilizes
NADH to reduce oxaloacetate to malate. These molecules then enter the mitochondrion
where enzymes oxidize them to yield reduced cofactors which in turn are oxidized by

electron transport chain (Walker, 1998).

2.5. Regulation of Sugar Metabolism

Biochemical pathways in yeasts may be regulated at various levels. These include:
enzyme synthesis (e.g. induction, repression and derepression of gene expression), enzyme
activity (e.g. allosteric activation, inhibition or interconversion of isoenzymes) and cellular
compartmentalization (e.g. mitochondrial localization of respiratory enzymes). The
following discussion will focus primarily on external factors which influence respiratory

and fermentative metabolism in S. cerevisiae.

The Pasteur Effect relates oxygen with the kinetics of yeast sugar metabolism and
states that under anaerobic conditions, glycolysis proceeds faster than it does under aerobic
conditions. Alternatively, it may be defined as a suppression of fermentation by oxygen.
However, this phenomenon is only observable when glucose concentrations are low (e.g.
below around 5 mM in S. cerevisiae) or under certain nutrient-limited conditions. It is
associated with a decreased affinity for sugar uptake under aerobic conditions (Walker,
1998).

If the concentration of available glucose is high, the Pasteur Effect in S. cerevisiae is
no longer operable. Then the Crabtree effect comes into consideration. This phenomenon
(also referred to as the glucose effect or contra-effect Pasteur) relates glucose concentration
with the particular catabolic route adopted by glucose-sensitive yeasts (like S. cerevisiae)
in the presence of oxygen and states that, even under aerobic conditions, fermentation
predominates over respiration. Thus, even though oxygen may be present, NADH

generated during glycolysis is mainly oxidized by fermentation, rather than by respiration.

In S. cerevisiae, glucose repression is thought to be due to glucose repressing
respiratory enzyme synthesis and/or inactivating respiratory enzymes and sugar transport

activity. In addition to glucose-repression mechanisms, normal yeast mitochondrial
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structures are disrupted when glucose levels are high. For example, inner membranes and
cristae disappear at high glucose concentration, and then re-appear once aerobic
metabolism replaces alcoholic fermentation. Alteration of cellular compartmentalization in

this manner clearly has profound metabolic consequences in yeast cells (Walker, 1998).

The short-term Crabtree effect is observed as a sudden fermentative response when
excess sugar is added to a non-fermenting yeast culture, whereas a long-term Crabtree
effect is manifest by aerobic fermentation under fully adapted physiological steady-state
conditions. The latter has been explained on the basis of the limited respiratory capacity of
Crabtree-positive yeasts; and the former on the basis of saturation of respiration leading to
overflow of pyruvate. The Crabtree effect is not restricted to growth on glucose since S.
cerevisiae will also aerobically ferment fructose. In the presence of mannose or galactose,
aerobically grown S. cerevisiae will simultaneously respire and ferment these sugars

(Walker, 1998).

Glucose repression in yeasts like S. cerevisiae describes a long-term regulatory
adaptation to degrade glucose exclusively to ethanol and CO, Therefore, when S.
cerevisiae is grown aerobically on high concentrations of glucose, fermentation will
account for the bulk of glucose consumption. In batch culture, however, when the levels of
consumed glucose decline, cells will gradually become derepressed, resulting in induction
of respiratory enzyme synthesis. This, in turn, results in oxidative consumption of
accumulated ethanol when cells enter a second phase of growth known as diauxie (Walker,

1998).

The Crabtree effect may also be due to a saturation of the limited respiration capacity
of yeast cells. Thus, glucose-sensitive (Crabtree-positive) yeasts, like S. cerevisiae, may
possess a limited oxidative capacity when grown on glucose which leads to an overflow
reaction at pyruvate. When the respiratory capacity is saturated, ethanol is formed (Walker,

1998).

The regulation of respiration and fermentation is fundamental to the success of
several industrial processes, that exploit yeast metabolism. In S. cerevisiae, optimization of

respiration is important for the production of yeast biomass (e.g. for the food industry),
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while optimization of fermentation is important for potable and industrial ethanol

production (Walker, 1998).

2.6. Oxidative Phosphorylation

The citric acid cycle accounts for most of the total oxidation of carbon compounds in yeast
cells, and its end products are CO, and high-energy electrons, which pass via NADH and
FADH; to the respiratory chain. None of the reactions leading to NADH or FADH,
production makes direct use of molecular oxygen; only in the final catabolic reactions that
take place on the mitochondrial inner membrane, directly oxygen is consumed. Nearly all
of the energy available from catabolism of sugar substrates in the earlier stages of
oxidation is saved in the form of high-energy electrons removed from substrates by NAD"
and FAD. These electrons, carried by NADH and FADH, are then combined with
molecular oxygen by means of respiratory chain (Figs. 2.2). Because the large amount of
energy released is harnessed by the enzymes in the inner membrane to derive the
conversion of ADP + P; to ATP, the term oxidative phosphorylation is used to describe this

last series of reactions (Alberts et al., 1994; Trumpower and Gennis, 1994).
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Figure 2.2. Respiratory chain (adapted from Mandavilli et al., 2002).

2.7. The Respiratory Chain

There are several types of electron carriers and, five large membrane-bound enzyme

complexes, in the respiratory chain, which are embedded in the inner mitochondrial
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membrane. The cytochromes, iron-sulphur proteins, ubiquinone and flavins are the major

electron carriers in the respiratory chain.

The protein complexes in respiratory chain of S. cerevisiae cells are depicted in
Figure 2.2. These complexes are embedded in the inner mitochondrial membrane and
composed of 44 proteins (Table 2.2), 7 of which are encoded by mitochondrial genes, and
the rest of them are encoded by nuclear genes. Each of these complexes was studied in
detail, their structure and to an extent their regulation are well known (Giildener et al.,

2005).

Table 2.3 summarizes all the genes that encode subunits of complexes of respiratory
chain in §. cerevisiae. In this list, ORFs (open reading frames) of these genes are also
given, the ones with initial ‘Q’ are the ORFs on mitochondrial DNA, the rest with initial

‘Y’ are nuclear ORFs.

2.7.1. NADH Dehydrogenase: Complex I

The first complex, NADH-dehydrogenase complex does not exist in S. cerevisiae, it
is replaced by the enzyme NADH-ubiquinone-6 oxido-reductase (Ndilp, 57 kDa). This
enzyme catalyses the oxidation of NADH to NAD", ubiquinone is reduced to ubiquinol in

the same reaction (Giildener ef al., 2005).

2.7.2. Succinate Dehydrogenase: Complex 11

The second complex, succinate dehydrogenase (fumarate reductase) is composed of
four proteins in S. cerevisiae, which are: a membrane-anchoring protein (encoded by
SDH4, precursor weight of whose product is 20 kDa), a flavoprotein (Sdhlp, 70 kDa), an
iron-sulfur protein (Sdh2p, 27 kDa) and a cytochrome b (Sdh3p, 22 kDa). This complex is
responsible for transfering electrons from succinate to ubiquinone. That is, succinate is
converted to fumarate and ubiquinone is reduced to ubiquinol. Succinate dehydrogenase is
the only TCA cycle enzyme to be bound to the inner mitochondrial membrane (Giildener et

al., 2005).
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Table 2.2. Substrates and products of reactions taking place in respiration chain complexes

(Kegg, 2005).

Substrates Products
Complex Enzyme Electron Electron Oxidized Reduced
donor acceptor
NADH o o
I dehydrogenase NADH Ubiquinone NAD+ Ubiquinol
(ubiquinone)
Succinate _ o o
I dehydrogenase | Succinate | Ubiquinone | Fumarate Ubiquinol
(ubiquinone)
o Ferri- Ferro-
Ubiquinol-- o o
I cytochrome ¢ Ubiquinol | cytochrome | Ubiquinone | cytochrome
reductase c c
Ferri-
Ferro-
vV Cytochrome ¢ cytochrome 0, cytochrome H,0
oxidase c
c

2.7.3. Cytochrome bel: Complex 111

The third complex, cytochrome bcl (or ubiquinol-cytochrome ¢ reductase) complex
is composed of 10 subunits. It accepts electrons from the Rieske iron-sulfur protein and

transfers electrons to cytochrome c.

Only one of the components of Complex III is encoded by mitochondrial DNA:
Cobp or Ctybp (44kDa). The other subunits are all encoded by nuclear genes and are
translated on cytoplasmic ribosomes as precursors that are proteolytically processed in one
or more steps during transport into their destinated internal compartment of the
mitochondria. The COB gene of yeast contains at least two and in some cases as many as
five introns. Some introns code for splicing factors that promote the excision of their own
coding sequences (Tzagoloff, 1995). Cbp6p and Cbp7p are translational activators of
cytochrome b, Cbp6p also takes part in pre-mRNA processing. Cbp2p and Cbtlp are
known to function in mRNA splicing. Cbplp performs 5’ end processing as well as
stabilizing COB mRNA. Mrslp, Suv3p and Namlp regulates both COXI! (Complex 4

component) and COB transcripts.
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ORF

Gene

Function

NADH-dehydrogenase complex (ubiquinone, complex I)

YMLI120c

| NDII

| NADH-ubiquinone-6 oxido-reductase

Succinate dehydrogenase complex (complex II)

YDRI178w SDH4 succinate dehydrogenase membrane anchor subunit for SDH2P
YKL141w SDH3 cytochrome b560 subunit of respiratory complex II

YKL148c SDH1 succinate dehydrogenase flavoprotein precursor

YLL0O41c SDH?2 succinate dehydrogenase iron-sulfur protein subunit

Cytochrome bel co

mplex (Ubiquin

ol-cytochrome c reductase complex, complex III)

00105 COB ubiquinol-cytochrome-c reductase subunit (cytochrome B)
YBL045c¢ CORI ubiquinol--cytochrome-c reductase 44K core protein

YDR529c QCR7 ubiquinol--cytochrome-c reductase subunit 7

YEL024w RIPI ubiquinol--cytochrome-c reductase iron-sulfur protein precursor
YFR033c QOCR6 ubiquinol--cytochrome-c reductase 17K protein

YGRI183c QOCR9 ubiquinol--cytochrome-c reductase subunit 9

YHR001w-a QCRI0 ubiquinol--cytochrome-c reductase 8.5 kDa subunit

YJL166w QCRS8 ubiquinol--cytochrome-c reductase chain VIII

YOR065w CYTI cytochrome-cl

YPRI91w QOCR2 ubiquinol--cytochrome-c reductase 40KD chain II

Cytochrome c oxidase (complex IV)

00045 COX1 cytochrome-c oxidase subunit [

00250 Ccox2 cytochrome-c oxidase subunit I1

00275 COX3 cytochrome-c oxidase chain 111

YDL067c COX9 cytochrome-c oxidase chain VIIA
YGL187c COX4 cytochrome-c oxidase chain IV

YGLI19Iw COX13 cytochrome-c oxidase chain VIa

YHRO5 1w COX6 cytochrome-c oxidase subunit VI
YLR038c CcoXi2 cytochrome-c oxidase, subunit VIB
YLR395¢ COX8 cytochrome-c oxidase chain VIII
YMR256¢ COX7 cytochrome-c oxidase, subunit VII
YNLO52w COX54 cytochrome-c oxidase chain VA precursor
YIL111w COX5B cytochrome-c oxidase chain VB precursor

FO/F1 ATP synthase (complex V)

00080 AAPI F1F0-ATPase complex, FO subunit 8

00085 ATP6 F1F0-ATPase complex, FO A subunit

00130 OLI1 F1F0-ATPase complex, FO subunit 9

YBLO99w ATPI1 F1F0-ATPase complex, F1 alpha subunit

YBR0O39w ATP3 F1F0-ATPase complex, F1 gamma subunit

YDL004w ATP16 F1F0-ATPase complex, F1 delta subunit

YDLI181w INHI inhibitor of mitochondrial ATPase

YDR298c¢ ATPS5 F1F0-ATPase complex, OSCP subunit

YDR322c-a TIM11 subunit E of the dimeric form of mitochondrial F1F0-ATPase
YDR377w ATP17 ATP synthase complex, subunit f

YJRI2Iw ATP2 F1F0-ATPase complex, F1 beta subunit

YKLO0I6¢ ATP7 F1F0-ATPase complex, FO D subunit

YLR295¢ ATP14 F1F0-ATPase complex, subunit h

YMLO81c-a ATPI18 gene for subunit i/j of the mitochondrial F1F0-ATP synthase
YOLO77w-a ATP19 subunit K of the dimeric form of mitochondrial FIFO-ATP synthase
YPLO78¢ ATP4 F1F0-ATPase complex, FO subunit B

YPL27Iw ATP15 F1F0-ATPase complex, F1 epsilon subunit

YPRO20w ATP20 subunit G of the dimeric form of mitochondrial F1F0-ATP Synthase
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Suv3p stabilizes both of these mRNAs. Mrslp functions in the excision of intron bI3
in COB mRNA and intron al5b in COX/ mRNA. Cobp has protein-protein interaction with
Qcr9p and suppresses Core2 (Giildener ef al., 2005).

The protein Corel (expressed from gene QCRI or CORI, precursor size is 50 kDa),
an essential subunit of bcl complex, is required to convert apocytochrome b to mature
cytochrome b. It may also mediate formation of the complex between cytochromes ¢ and
cl. It is regulated by heme although it is not a heme protein. The protein Core 2 (Qcr2p or
Cor2p, 40.5 kDa) is also regulated by heme, although it is not a heme protein. It is a
component of the bcl complex and is also required for assembly (Giildener et al.,
2005).The protein encoded by QCR6 or COR3 (17 kDa), is another component of bcl
complex. It may help bind Cytlp to Cyclp (cytochromes c and c1). It has a protein-protein
interaction with Sin4p. The product of the QCR7 or COR4 (15 kDa) gene plays a role in
formation of complex bcl and has a protein-protein interaction with Duolp. It binds to
ubiquinone and stabilizes ubisemiquinone radicals. It forms an initial core complex with
Qcr8p that is essential for subsequent assembly of mature complex. Transcription of
QCRS or CORS5 (which encodes a protein of size 11 kDa) needs the HAP2/3/4 complex for
rapid induction during transition from repressed to derepressed conditions. Abflp may act
in coordination with the HAP2/3/4 complex while Cpflp is a negative regulator
modulating the induction response. QCRS has an upstream binding site for Miglp

(Giildener et al., 2005).

Qcr9p (7.5 kDa) is also essential for formation of a fully functional bc1l complex. It
interacts with RIP1p and Cobp. It contains an intron that is nearly identical to the intron of
COX4 suggesting coordinated regulation of splicing. Qcrl10p (8.6 kDa) is a subunit of the
bcl complex, whose presence is probably required for stable association of the Rieske
iron-sulfur protein (Riplp). The Rieske iron-sulfur protein (Riplp, 23.4 kDa) is another
component of the bcl complex. This protein is known to interacti with Glelp and Gle2p.
The last component is cytochrome c1 (Cytlp or Ctclp, 34 kDa). Its function is to accept
electrons from the Rieske protein and transfer them to cytochrome c. It contains a heme,

and has an upstream binding site for Miglp (Giildener ef al., 2005).
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The catalytic subunits of the bcl complex are Cobp, Cytlp and Riplp. These
proteins, together with the other non-catalytic subunits (Corel, Core2, Qcr6p, Qcr7p,
Qcr8p, Qcr9p, QcrlOp), assemble to form an enzymatically active complex. The analysis
of the steady-state levels of these subunits has suggested that the assembly pathway of this
complex occurs in a coordinated fashion, involving the formation of specific assembly
intermediates. According to this model, cytochrome b initially forms a subcomplex with
Qcr7p and Qcr8p, which subsequently joins with the Corel and Core2 proteins.
Cytochrome c1, on the otherhand, is proposed to form another subcomplex with Qcr6p and
Qcr9p. Formation of each of these subcomplexes ensures stability against proteolytic
attack for the individual subunits contained within them. The cytochrome b and
cytochrome cl subcomplexes subsequently unite to form a ‘cytochrome bcl precomplex’
prior to the assembly of the Rieske FeS protein and, presumably, the non-essential subunit

Qcr10p. (Stuart ef al., 1999).

2.7.4. Cytochrome ¢ Oxidase: Complex IV

The fourth complex, cytochrome c oxidase is composed of 11 subunits and this
complex is responsible for transferring electrons from cytochrome c to molecular oxygen.
The reactions taking place are summarized in Table 2.3. Cytochrome ¢ oxidase may exist
either in a monomer or a dimer in the mitochondrial membrane. There is also evidence that
it forms a dimer with Complex III (Stuart ef al., 2000, Berden et al., 1998). Stability and
splicing of mRNA of subunit 1 (which is encoded by the mitochondrial gene COXI or
0XI3), depends on Pet309p, Namlp, Suv3p. The gene of subunit II (COX2 or OXII) is
also mitochondrially encoded, and transcriptionally and post-transcriptionally regulated by
Namlp and Mss2-1p, respectively. Also, Petlllp promotes its translation. The third
subunit (mitochondrially encoded Cox3p or Oxi2p) is known to be transcriptionally
regulated by Nam1p. The expressions of the fourth (COX4) and sixth subunits (COX6) are
known to be induced after shift to aerobic conditions and 1uM oxygen is a threshold for
expression. Proteins encoded by COXI, COX2, COX3, COX4 accumulate in an
interdependent way, whereas the accumulation of Cox6p appears to be independent from

the other four (Giildener et al., 2005).
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The fifth subunit of the fourth complex in the respiratory chain has two
interchangeable isoforms in S. cerevisiae (Cox5Ap and Cox5Bp). These isoforms
differentially affect the catalytic properties of the holoenzyme expressed under aerobic
conditions, and COX54/COXS5B are co-regulated with CYC1/CYC7 which are the isoforms
in third complex, expressed under aerobic/anaerobic conditions, respectively (Poyton et al.,

1997).

Cox12p (10 kDa) and Cox13p (15 kDa) are known as subunits VIa and VIb of
complex four, respectively. Cox13p is not essential for assembly of cytochrome ¢ oxidase
and it is not a structural part, but Cox12p is essential for assembly though it is not
necessarily part of the assembled enzyme complex. Cox9p (7 kDa), is known as subunit
Vlla, and plays a role in holoenzyme assembly or stability. Cox7p (7 kDa), is known as
subunit VII and is involved in assembly of the complex. Both Cox9p and Cox7p are
induced after shift to aerobic conditions and 1 uM oxygen is a threshold for expression

(Gtildener et al., 2005).

2.7.5. ATP Synthase: Complex V

ATP synthase, which catalyses the conversion of ADP + P; to ATP is the fifth
complex. In S. cerevisiae, mitochondrial ATPase is of F type. This Fo/F; ATP synthase
complex is composed of 18 types of proteins, three of which are encoded by mitochondrial
DNA. Atp8p or Aaplp (6 kDa), Atp6p or Oli2p or Olidp (29kDa), ATP9p or Olilp (8
kDa) are encoded mitochondrially and they are subunits of Fy. Levels of the mRNAs of
ATP9 and ATP6 are reduced in null mutants of naml, i.e. they are transcriptionally
regulated by Namlp. A7P6 mRNA stability also depends on Pet309p (Giildener et al.,
2005).

F-type ATPases have two components, CF(1)- the catalytic core and CF(0)- the
membrane proton channel. Fo/F; ATP synthase may exist as a dimer or a monomer;
dimerization appears to confer a stability advantage on the complex. The dimer contains
three additional dimer-specific proteins Tim11p or Atp2lp (11 kDa), Atp19p (7.5 kDa),
Atp20p (13 kDa) (subunits E, K and G of the dimeric form, respectively) which are not
required for the catalytic activity of ATPase. Tim11p and Atp20p play an essential role in



19

the formation of dimers of the Fo/F; ATP synthase complex. Presence of Atp20p enhances
the stability of Tim11p, and Tim11p is essential for the stable expression of ATP20 and
ATP19 (Giildener et al., 2005).

Atplp (59 kDa), Atp2p (55 kDa), Atp3p (34 kDa) and Atpl6p (17 kDa), Atp15p (7
kDa) are the alpha, beta, gamma, delta and epsilon subunits of the F; complex. Atplp is a
regulatory subunit while Atp2p is an intramolecular chaperone and a catalytic unit. ATP3p
regulates ATPase activity and the flow of electrons through Fy complex, and play role in

the assembly/stability of F; (Giildener et al., 2005).

Atp5p (23 kDa), is the OSCP (oligomycin-sensitivity-conferring-protein) subunit of
F; complex and is required for assembly of the catalytic F; sector. It either transmits
conformational changes from Fy into F; or is implicated in proton conduction. Atp17p (11
kDa) is the subunit f, mitochondria of its disruption mutant contain active F; but the
subunits f, 6 and 8 are absent. Atp4p (20 kDa) and Atp7p (20 kDa) are the b and d subunit
of Fy, respectively. In null mutants atp7, Fy lacks both subunits 4 and 6, cytochrome

oxidase activity is also low (Giildener ef al., 2005).

Atpl4p (14 kDa) is the subunit h, its disruptants lack subunit h and subunit 6 and
show no ATPase activity. Atp18p (7 kDa), which is the subunit i/j, is not a structural part
of the complex but, rather is involved in oxidative phosphorylation. Inhlp (10 kDa) is an
inhibitor of mitochondrial ATPase. It forms a one-to-one complex with ATPase to inhibit

enzyme activity completely (Giildener et al., 2005).

2.8. Literature Search on the Genes Investigated in This Study

The deletion mutants of six genes are investigated in this study. The functions of the
well-known regulators Hap4p and Miglp were studied previously in detail using both
direct and high-throughput methods. The BCSI, OXA1 and MBAI genes were reported to
have regulatory functions but limited information on the effects of their deletions was
known. RIPI encodes Rieske iron-sulfur component of Complex III in the respiratory
chain. It is not observed to have any regulatory function. The following sections

summarize the information in the literature about these genes and their products.
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2.8.1. HAP4

The function of the Hap4p protein was determined to be the regulation of the
respiration related-genes (DeRisi et al, 1997). The activation mechanism of HAP2/3/4/5
protein complex was reviewed by Gancedo (1998). The physiology of cells with H4P4
overexpression (Blom et al., 2004) and the transcriptome profile of hap4 deletion mutants
(Buschlen et al., 2003) were also investigated. Hap4 deletion mutants were reported to be
respiratory deficient (Steinmetz et al., 2001) and deletion of H4AP4 caused downregulation
of the respiration-related genes. On the contrary, these genes were expressed at higher
levels in HAP4-overexpressing strains growing under aerobic conditions. In addition,
increased levels of respiratory capacity were observed due to overexpression of HAP4
(Blom et al., 2004). The analysis of the pathways that are activated and inactivated in hap4
deletants were investigated under glucose- and ammonium-limited conditions in this study.
The genes that mediate the changes in hap4 phenotype (biomass production, glucose
consumption and ethanol production) and the pathways involving these genes were also
reported in this study. Results of the present experiments generally agree with the

information in the literature, but include some novel findings.

2.8.2. MIG1

Miglp is involved in carbon catabolite repression of expression of genes encoding
the enzymes of central carbon metabolism in the yeast S. cerevisiae. The proposed
mechanism of MIGI control on repressed genes depends on the glucose level. Miglp is
dephosphorylated by protein phosphatases Reglp, Reg2p and Glclp when glucose is
present and repression of target genes takes place. When glucose is absent,
phosphorylation of Miglp by protein kinase Snflp results in derepression of target genes
(de Vit et al., 1997). MIG1 was reported to be auto-regulated. Mechanisms of MIGI-
mediated glucose regulation were reviewed and effects of mig/A deletion on peripheral
and central metabolisms were discussed by Klein et al. (1998). No effect of the migiA
deletion on the fluxes of central metabolic reactions was observed when the cells were
grown in chemostats at low-glucose concentration (Gombert et al, 2001), which may
indicate that MIG1 does not affect metabolism at low concentration of glucose because

glucose repression does not take place. Also, fluxes were reported to be changing
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insignificantly in a mig/A deletant at even higher glucose concentrations (Raghevendran et
al., 2004). As it will be illustrated in the following sections, the results of the present study
show that deletion of MIGI has effects on the expression of many genes in cells of

chemostat cultures operated under glucose-limited conditions.

2.8.3. 0XA41

Oxalp is a component of the conserved Oxal/YidC/Alb3 protein family which acts
as a membrane insertion machinery, and is involved as a general protein insertion site in
the mitochondrial inner membrane using proteins encoded by both the nuclear and
mitochondrial genomes of S. cerevisiae (Stuart, 2002). Oxalp is required for
mitochondrially encoded Cox2p to be exported to the mitochondrial intermembrane space,
but its function is not limited to transport of Cox2p (Hell ef al., 1998). Absence of Oxalp
was reported to increase levels of Pdr3p and Pdr5p, while assembly of Complex IV and F
sector of ATPase do not take place. Pdr3p and Pdr5p are proteins participating in
retrograde signalling from the mitochondria to the nucleus (Lemaire et al, 2000).
oxalA deletion mutants was reported to be deficient in assembly of Complex IV and
Complex V and deficient in respiration (Altmura et al., 1996). However, Oxalp was not
found to be essential for transport of ATPases (Lemaire et al., 2000). Enzyme activity
measurements of Complex III, Complex IV and Complex V showed that oxalA deletion
mutants have only 19%, 0% and 16%, respectively of the activities in wildtype cells
(Lemaire et al., 2004). These three complexes have both mitochondrially and nuclearly
encoded components. My results verify that deletion strain oxalAloxalA suffers
respiratory deficiency and indicate that Oxalp may be an activator of mitochondrially

encoded components of the respiratory chain.

2.8.4. MBA1

Mbalp is thought to have a similar function as Oxalp. Mbalp can act either in
coorporation with Oxalp or may accomplish a similar function independently in protein
insertion machinery of S. cerevisiae mitochondria (Preuss et al., 2001). Strains with the
mbalA deletion suffer partial respiratory deficiency, thus its protein may be involved in

assembly of respiratory chain (Rep and Grivell., 1996). My results verify that homozygous
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mbalA deletants suffer partial respiratory deficiency. However, the expression behaviour
of mbalA deletion mutants is similar to mig/ deletion mutants. Moreover, MBAI deletion
causes MIGI expression to be repressed. Thus, it may be concluded that Mbalp is an

activator of MIGI and deletion of these two genes cause the same expression profiles.

2.8.5. RIPI and BCS1

Riplp is the Rieske iron-sulfur subunit of Complex III and BCS/ is defined as a gene
necessary for a functional Complex III in the respiratory chain of S. cerevisiae (Nobrega et
al., 1992). Deletion of bcsl results in reduced levels of Riplp. It was stated that BCS/
regulation of RIP1 is not likely to be transcriptional or translational. Instead, Bcslp may be
involved in post-translational modification of the apoprotein. Phenotypes of riplA/¥iplA
and bcsIA/besi1A deletion mutants are similar, mainly other components of the complex

are not affected by these deletions (Nobrega et al., 1992 and Crivellone ef al., 1988).

2.8.6. Respiratory-Deficient Strains

In respiratory-deficient yeast cells, glucose cannot be metabolised through oxidative
phosphorylation, thus fermentation to ethanol is enhanced. The TCA cycle is not
completed, succinate can not be oxidized to fumarate. In order to compensate for
production of glutamate from o-ketoglutarate, the pathways producing oxaloacetate
(OAA) and acetyl-CoA are induced. Also the first three steps of the TCA cycle and
glyoxylate cycle activity is increased (Butow and Avardhani, 2004). My results verify that

the first three steps of the TCA cycle are induced under respiratory-deficient conditions.

The deletion mutations causing respiratory deficiency in the present study are as
follows: Homozygous deletion mutants hap4A/hap4A, besiA/beslA, oxal AloxalA, and
ripl Aripl A. Also homozygous deletion mutant mbalA/mbalA and heterozygous deletion
mutants HAP4/hap4A and RIP1/rip1A suffer partial deficiency of respiration.
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2.9. Functional Genomics and Systems Biology

Functional genomics is the branch of biotechnological research that aims the
determination of functions of ORFs that are not yet identified. The functions of many
genes revealed in large-scale sequencing projects can be inferred through nucleotide
similarity with the sequences of genes of known function determined through traditional
empirical methods. However, there still remains a large number of predicted open reading
frames (ORFs) that have no assigned function based on sequence similarity. Thus,
empirical methods of function determination are required. Functional elucidation of genes
can be pursued through the systematic perturbation of gene expression followed by
quantitative and qualitative analyses of gene expression products including mRNA,

protein, and metabolite levels.

Systems biology is similar to functional genomics in its approach, but is slightly
different in its objectives. Systems biology aims to simultaneously monitor all biological
processes operating as an integrated system. Through the study of systems, one can begin
to visualize how individual pathways or metabolic networks are interconnected. This
approach is based on solid theoretical frameworks and uses computer modeling to explain
experimental observations. It is envisioned that systems biology will be of great value for
directing metabolic engineering strategies because modifications to the expression of single
genes do not always bring about the predicted or desired effects due to cross-talk between

pathways (Sumner ef al., 2003).

After the completion of the genomic sequencing of organisms, integrative post-
genomic studies and the systems biology approach have emerged with the aim of
developing a more complete understanding of cell physiology. Attempts at data integration
for the model organism, Saccharomyces cerevisiae were reviewed recently (Castrillo and
Oliver, 2004). Experimental designs that involve (a) perturbations to elucidate the response
of the cell under various conditions, (b) collection of high-throughput data at different
functional genomic levels and (c) the use of bioinformatics for integrating data from all
three levels of analysis (transcriptome, proteome, and metabolome) constitute the three

major steps common to all integrative studies.



24

It is possible to design systems biology experiments in a hypothesis-driven manner,
such that the designed perturbations provide the information of interest. Alternatively,
question-driven discoveries may be made by observing the effects of an intuitively chosen
modification and making use of the extracted information to generate new ideas and

hypotheses (Lockhart and Winzeler, 2000).

Transcriptome (mMRNA synthesis) data from S. cerevisiae growing in chemostats on a
glucose medium under either carbon, nitrogen, phosphorus or sulphur limitation allowed
detection of the genes that were affected by the different nutrient limitations (Boer et al.,
2003). The genes that were co-regulated under glucose, ethanol, ammonium or phosphate
limitation were identified, and genes from the same pathway were shown to be clustered
together (Wu et al., 2004). Responses to modifications in the growth medium and/or the
dilution rate allowed the identification of genes that enable the cells to adapt to various

growth conditions (Hayes et al., 2002).

Perturbations can also be introduced by genetic, rather than physiological, means,
e.g. by gene deletion. Yeast cells carrying gene deletions have been investigated for
various purposes: (a) functional analysis based on discrimination of mutants via metabolic
fingerprints (Raamsdonk et al,, 2001) or footprints (Allen et al., 2003), (b) selection of
genes encoding organelle-specific proteins (Steinmetz ef al., 2001), (c) building and testing
of metabolic pathways (Ideker et al., 2001) and (d) identification of uncharacterized genes
and drug targets (Hughes et al., 2000). These studies have shown that specific changes in
the transcriptome or metabolome may occur due to gene deletion. The changes are

expected to be more significant when the gene of a regulator protein is deleted.

2.10. Systematic Gene Deletions

Systematic gene deletion is a fundamental tool for functional genomics, since
comparison of the metabolic state of cells in the presence and absence of a gene gives
important clues about the function of that gene. Deletion mutant libraries including more
than 6000 knock-outs were constructed after genome sequencing of S. cerevisiae was

completed at 1996, and several methods are available to construct deletion mutants of S.
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cerevisiae that employ deletion casettes (Giildener et al., 1996, Giaever et al., 2002).
Mutant cells are grown in batch or chemostat culture under various environmental

conditions and samples are analysed to determine the metabolic state of the cells.

2.10.1. Construction of Deletion Mutants

In the past, yeast researchers generated mutant collections through chemical or UV
mutagenesis genetic screens. For instance, mutants of bcl complex had to be identified
among the broader class of respiratory-deficient nuclear petite (per) mutants which were
generated by chemical treatment of respiratory-competent strains, since no convenient
procedures existed for selecting mutants of the bcl complex (Tzagoloff, 1995). These
procedures were often tedious and unsatisfactory; cloning and identification of all the
affected genes could take years and it was impossible to determine if the screen was
saturated. Recently, many novel approaches for the large-scale analysis of the yeast
genome have been developed. These have led to the generation of valuable mutant
collections that are commercially available and that can be screened by many researchers

(Vidan and Snyder, 2001).

The precise deletion of yeast strains can be efficiently accomplished using a
polymerase chain reaction (PCR)-mediated gene replacement strategy that exploits the

high frequency and specificity of homologous recombination in yeast.

\ ATG | UPTAG | KanMx4 DOWNTAG [TAA |
ATG | ORF [TAn
Uptag
A primer Primer
ATG | UPTAG | KanMx4 DOWNTAG [TAA
Downtag D primer
Primer

Figure 2.3. Deletion of ORFs by homozygous recombination (adapted from
Saccharomyces Gene Deletion Project, 2002)
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Giildener et al. (1996), have constructed the gene disruption cassette loxP—kanMX—
loxP, which combines the advantages of the heterologous kan' marker with those of the
Cre—loxP system (Figure 2.3). The PCR-generated gene disruption cassette integrates with
high efficiency via homologous recombination at the correct genomic locus (routinely
70%). In addition, the fast marker rescue procedure utilizing Cre-/oxP system allows
repeated use of the kan' marker. Winzeler et al. (1999) reported that this method can be
modified so as to introduce two molecular barcodes (UPTAG and DOWNTAG) into the
deletion strain. The barcodes or “tags” are unique 20-base oligomer (20-mer) sequences

that serve as strain identifiers.

The unique sequence tags linked to each gene deletion allow the strains to be
analysed in parallel. In a competition experiment, a mixed culture containing every
deletion mutant is grown, samples are collected at several times during growth, and the
molecular bar code tags are amplified from genomic DNA. The abundance of each deletion
strain is then determined by quantifying the associated molecular barcodes by
hybridization to an oligonucleotide array of complementary barcode sequences. The more
important a gene is for growth, the more rapidly the sequence tags of the corresponding
deletion strain diminish in the culture. Thus, all genes required for growth can be identified
and ranked in order of their relative contribution to fitness in a single experiment (Giaever

et al., 2002, Steinmetz et al., 2002).

Winzeler et al. (1999) reported the construction of precise start-stop codon deletion
mutants for 2026 S. cerevisiae ORFs. They used these strains in fitness screening (parallel
competitive growth) experiments to analyse the genes essential for viability in yeast. They
found that 1620 of the 2026 ORFs are not essential for viability, the essential ones are
distributed evenly across the chromosomes and were more heavily transcribed. The protein
products of essential genes which lack human homologs are thought to be the best targets

for antifungal drugs.

A collection of over 11000 strains, each carrying a transposon inserted within a
region of the genome expressed during vegetative growth and/or sporulation was generated
by Ross-Macdonald et al. (1999). A multipurpose minitransposon (mTn), derived from

bacterial transposible element Tn3, contains a lacZ reporter gene lacking an initiator
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methionine and upstream promoter sequence. Introduction of this transposon into yeast
results in production of [-galactosidase if the mTn is present within a transcribed and
translated region of the genome, typicaly corresponding to an in-frame fusion of /acZ to
yeast protein-coding sequence. Ross-Macdonald et al. (1999) have used the mutant
collection, which affects nearly 2000 annotated genes, to determine disruption phenotypes
for nearly 8000 strains using 20 different growth conditions; the resulting macroarray data

sets were clustered to identify groups of functionally related genes.

Yan Tong et al. (2001) introduced the synthetic genetic array analysis (SGA) for
construction of double deletion mutants claiming that inviable double-mutant meiotic
progeny identify functional relationships between genes. Two genes show a “synthetic
lethal” interaction if the combination of two mutations, neither lethal by itself, causes cell
death. Synthetic lethal relationships may occur for genes acting in a single biochemical
pathway or for genes within two distinct pathways if one of the genes compensates for or
buffers the defects in the other. Pairs of such genes can be detected by SGA and mutants

with multiple deletions can also be contructed to identify groups of interrelated genes.

The EUROSCARF (European Saccharomyces Cerevisiae Archive for Functional
Analysis) collects yeast strains and plasmids that were generated during various yeast
functional analysis projects. These include the following projects: BMBF (325 ORFs),
EUROFAN I (800 ORFs) and EUROFAN II as part of the worldwide yeast gene deletion
project (6000 ORFs). In a worldwide effort European and N. America laboratories are
combined in the consortium of the Saccharomyces Genome Deletion Project (Winzeler et
al., 1999). The European task was part of EUROFAN II. All constructed strains were
collected by EUROSCAREF. The deletions were made in a genetic background isogenic to
S288c, the Saccharomyces cerevisiae strain whose DNA sequence had been determined.
Deletion strains constructed during phase II were all in the genetic background of the BY

strain series (EUROSCARF, 2003).

2.10.2. Cultivation of Deletion Mutants

In genetic research, batch and continuous bioreactors are used unless inclusion of a

new nutrient is needed for purposes like induction or labeling (e.g. for NMR spectrometric
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analysis). In batch cultivation, the nutrients and cells to be grown are fed to the bioreactor
at once. Samples are almost always collected at so called “mid-exponential” phase, when
the cell growth rate is at its maximum. Samples may also be taken from the reactor at
certain time intervals, if time dependent growth characteristics of the culture is of
particular interest (e.g. DeRisi et al., 1997). Continuous bioreactors are generally called
‘chemostats’ and enable balanced growth of the cells. While feed is supplied continuously
to the reactor and homogenous mixing is done by an impeller or gas bubbles; exhausted
growth medium including the cells, products and wastes is removed from the reactor at
constant flow rate, so that the liquid amount in the reactor remains constant. After 5-10
recycles of growth medium, the cultivation reaches the steady-state or balanced growth, the
culture removed from the reactor can be analysed as the steady-state product. For the cases
that induction, labeling or other interference to growth is needed, fed-batch cultivation is
employed. For any cultivation; temperature, pH and aeration should be under control and
all the conditions should be well defined to ensure reproducibility of the results (Bailey and

Ollis, 1994).

Baganz et al. (1997), constructed two different standard strains in which the HO gene
is replaced by either HIS3 or kanMX. They reported that there is a significant marker effect
associated with HIS3 which, moreover, is dependent on the physiological conditions used
for the competition experiments. In contrast, the kanMX marker exhibited only a small
effect on specific growth rate (<4 per cent). They suggested that nutritional markers should
not be used to generate deletion mutants for the quantitative analysis of gene function in
yeast but that kanMX replacements may be used, with confidence, for such studies. HO
was chosen because it was found to be a selectively neutral site for gene replacement, it
has no known role apart from mating-type swiching (inactive in diploids) and it has been
used as the site of insertion of heterologous genes in brewing yeasts without any
perceptible effect on the fermentation characteristics of the organism or quality of the

product (Oliver et al., 1998).

2.11. Transcriptome

DNA microarrays provide a format for the simultaneous measurement of the

expression level of thousands of genes in a single hybridization assay. Each array consists
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of a reproducible pattern of thousands of different DNAs (primarily PCR products or
oligonucleotides) attached to a solid support, usually glass. Fluorescently labeled RNA or
DNA prepared from messenger RNA is hybridized to complementary DNA on the array
and then detected by laser scanning. Hybridization intensities for each DNA sequence on
the array are determined using an automated process and converted to a quantitative read-
out of relative gene expression levels. The transcriptome data can then be further analyzed
to identify expression patterns and variations that correlate with cellular development,

physiology and function (Harrington et al., 2000).

Several methods have been described for producing microarrays and two basic types
of array technology are: spotted microarrays in which pre-synthesized single-strand DNAs
are bound onto glass slides and high-density oligonucleotide arrays in which sets of
oligomers are synthesized in situ on glass or silicon wafers using a photolithographic
manufacturing process. High-density oligonucleotide arrays are available commercially.
Although comprehensive expression profiles can be produced by both types of array, there

are some fundamental differences between the two approaches (Figure 2.4).

On spotted arrays, genes are generally represented by single DNA fragments, greater
than several hundred base pairs in length. The DNA samples hybridized to the array are, in
most cases, labeled by incorporating fluorescently tagged nucleotides during oligo-primed
reverse transcription of messenger RNA. Different fluorophores (generally Cy3- and Cy5-
dUTP) are used to label cDNAs from control (reference) and experimental (test) RNAs.
The labeled cDNAs are then mixed together prior to hybridization to the array. Relative
amounts of a particular gene transcript in the two samples are determined by measuring the

signal intensities detected for both fluorophores and calculating signal ratios.

On GeneChip (Affymetrix) oligonucleotide arrays, a given gene is currently
represented by 15-20 different 25-mer oligonucleotides that serve as unique, sequence-
specific detectors. In the GeneChip expression assay, eukaryotic mRNA is converted to
biotinylated cRNA from oligo-dT-primed cDNA. Each sample is hybridized to a separate
array. Transcript levels are calculated by reference to cRNA spikes of known concentration
added to the hybridization mixture. Differences in mRNA levels between samples are
determined by comparison of any two hybridization patterns produced on separate arrays

of the same array type.
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There are important differences in performance and information generated by the two

types of arrays due to these differences in assay and gene representation. First, spotted

arrays hybridized simultaneously with two distinctly labeled samples intrinsically

normalize for noise and background in a pairwise comparison. The transcriptional read-out

for these paired samples is provided as expression ratios and requires that different samples

of an experimental set be hybridized with the same control or reference sample. The high-

density oligonucleotide array assay, on the other hand, allows flexibility in sample

comparisons and provides an estimate of the levels of gene transcripts in individual



31

samples. Second, on oligonucleotide arrays, the oligomer probes are designed to uniquely
represent the cognate gene thus minimizing cross-hybridization between similar sequences.
The potential for cross-hybridization between genes with significant levels of sequence
similarity is high using spotted microarrays. Finally oligonucleotide arrays require gene
sequence information for specifying the de novo synthesis of the oligomers on the array,
whereas spotted arrays can be produced from both known and unknown cDNA and PCR

fragments.

2.11.1. Transcriptome Analysis Studies on S. cerevisiae

The relatively small genome of yeast is well suited to global expression profiling
with microarray technologies currently available. The availability of the complete genome
sequence and well-characterized genetics has made Saccharomyces cerevisiae a popular
focus of study with both spotted and oligonucleotide arrays. All ORFs and even intergenic
regions can be represented, allowing unbiased assessment of an organism’s expression

profile.

First genome-wide mRNA expression measurements on spotted arrays were done by
DeRisi et al. (1997) to investigate the temporal program of gene expression accompanying
the metabolic shift from fermentation to respiration in S. cerevisiae. The genes with similar
profiles during the progression of diauxic shift were known to share same binding motifs.
Several classes of genes such as cytochrome c-related genes and those involved in TCA
cycle and carbohydrate storage were found to be coordinately induced by glucose
exhaustion. In another study (DeRisi et al., 2000), identification of new targets of PDR
transcription factors in various yeast deletion mutants was done by carrying out

hybridization analysis on DNA microarrays.

Hughes et al. (2000) conducted mRNA level measurement experiments on 300
diverse mutations or chemical treatments in S. cerevisiae under a single growth condition
and constructed a database or “compendium” of expression profiles using their data. They
showed that cellular pathways affected from the perturbations can be determined by pattern

matching, even among very subtle perturbations. They identified and experimentally
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confirmed that eight uncharacterized ORFs encode proteins required for sterol metabolism,

cell wall function, mitochondrial respiration or protein synthesis.

Ideker et al. (2001) analysed the GAL pathway in S. cerevisiae by using DNA
microarrays, quantitative proteomics and databases of known DNA-protein and protein-
protein interactions. Deletion strains of genes that are involved in yeast galactose-
utilization pathway were grown in the presence and absence of galactose, 997 mRNAs
were found to respond to these perturbations and 15 of 289 detected proteins are found to
be regulated post-transcriptionally. This approach proved to be useful in testing and
refining the models for metabolic pathways. In a separate study, effects of fermentable
(galactose) and non-fermentable (ethanol) nutrients on mRNA and protein profiles of S.

cerevisiae were investigated (Griffin et al., 2002).

Transcriptional responses to different mitochondrial perturbations in S. cerevisiae
were characterized by Epstein et al. (2001). Respiratory deficient petite cells and
respiratory competent wild-type cells treated with inhibitors of oxidative phosphorylation
were examined and the results showed that complete loss of the tricarboxylic acid cycle
due to respiratory deficiency results in induction of a suite of genes associated with both

peroxisomal activities and metabolite-restoration (anaplerotic) pathways.

Giaever et al. (2002), used deletion strains, each carrying a unique barcode that
enable their abundance to be detected on DNA microarray assays. The whole collection of
deletion strains of S. cerevisiae were grown under six conditions: high salt, sorbitol,
galactose, pH 8, minimal medium and nystatin treatment to test the hypothesis that if the
expression of a gene exhibits a significant increase at a given condition, then it should also
be required for optimal growth in that condition. It was observed that some genes which
are required for growth under a particular condition do not exhibit a change in expression
at that condition, and it was concluded that the response to the change in conditions may

operate post-transcriptionally.

The studies summarized above prove that DNA microarrays are extremely useful in
determining the mRNA expression levels. When array experiments are coupled with well-

controlled experimental systems and well-characterized genotypes, a striking amount of
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highly interpretable information can be generated. The information can be used to assign
function to unknown genes, enlarge understanding of cellular processes, identify potential
drug targets and generate genome-wide snapshots of transcriptional activity in response to

any stimulus or developmental trigger.

2.12. Metabolome Analysis

Metabolites are produced at the last step of the cellular machinery and define the
biochemical phenotype of a cell or tissue. Quantitative and qualitative measurements of
large numbers of metabolites thus provide a broad view of the biochemical status of an
organism that can be used to monitor and assess gene function. Profiling of the
transcriptome and proteome has received some criticism due to its inability to predict gene
function in some cases. Although the transcriptome represents the delivery mechanism of a
translational code to the cellular machinery for protein synthesis, increases in mRNA
levels do not always correlate with increases in protein levels (Gygi et al, 1999).
Furthermore, once translated, a protein may or may not be enzymatically active. Due to
these factors, changes in the transcriptome or in the proteome do not always correspond to
alterations in biochemical (i.e. metabolic) phenotypes. Another consideration when
profiling the transcriptome and proteome is that most modern techniques identify mRNA
and proteins through sequence similarity or database matching; thus, identification is based
primarily on the quality of the match and is therefore indirect. In the absence of existing
database information, transcript or protein profiling often yields only limited information.
Based on the above limitations, profiling the metabolome may actually provide the most
“functional”’ information of the ‘‘omics’’ technologies. There are, nevertheless, many
instances in which transcriptome and proteome profiling have successfully pointed the
observer to functional information, and therefore an integrated approach is preferred when

resources permit (Sumner et al., 2003).

For a number of metabolites, kits for concentration measurement using enzymatic
methods are commercially available. Though the results obtained are reliable and
concentrations are obtained readily without utilizing any software, these methods are time-
consuming when a large number of samples is to be handled, moreover kits are available

for a limited number of metabolites like glucose, ethanol, and a few acids like succinate
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and pyruvate. The kits are suitable and satisfactory if a low number of samples is to be
analysed with the aim of determining basic metabolome data like amount of glucose

utilized or ethanol produced.

Since the techniques for obtaining mRNA and protein profiles allow thousands of
species to be detected in one reaction, it is desired to have the corresponding metabolome
data to follow the cell machinery until the last step. It is possible to screen for a high
number of metabolites simultaneously using analytical tools such as chromatography and
spectroscopy. Methods based on infrared spectroscopy (IR), nuclear magnetic resonance
(NMR), thin-layer chromatography (TLC), HPLC with ultraviolet and photodiode array
detection (LC/UV/PDA), capillary electrophoresis coupled to ultraviolet absorbance
detection (CE/UV), capillary electrophoresis coupled to laser-induced fluorescence
detection (CE/LIF), capillary electrophoresis coupled to mass spectrometry (CE/MS), gas
chromatography-mass spectrometry (GC/MS), liquid chromatography-mass spectrometry,
(LC/MS), liquid chromatography tandem mass spectrometry (LC/MS/ MS), HPLC coupled
with both mass spectrometry and nuclear magnetic resonance detection (LC/NMR/ MS)

and LC/NMR/MS/MS have all been used to measure metabolites (Sumner et al. 2003).

The selection of the most suitable technology is generally a compromise between
speed, selectivity and sensitivity. Tools such as NMR are rapid and selective, but have
relatively low sensitivity. Other methods such as capillary electrophoresis coupled to laser
induced fluorescence (CE/LIF) detection are highly sensitive, but lack selectivity.
Hyphenated mass spectrometry methods such as GC/MS and LC/MS offer good sensitivity

and selectivity, but relatively longer analysis times (Sumner ef al. 2003).

2.12.1. Metabolome Analysis Studies on S. cerevisiae

A small number of extracellular and intracellular metabolites of S. cerevisiae have
been quantified by many research groups using enzymatic methods with aim of defining
the metabolic state of yeast under various conditions. These limited data were obtained by
enzymatic methods, HPLC or NMR and frequently used for the kinetic modelling of

central metabolism. However, in the post-genomic era, metabolome data are expected to be
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a powerful tool for functional analysis. Only two recent studies will be reviewed below,

with the aim of illustrating the importance of metabolome data.

A functional analysis study was done by Raamsdonk et al. (2001) that used
metabolic fingerprinting to reveal the phenotype of silent mutations of S. cerevisiae. The
term “metabolic fingerprinting” corresponds to determination of the intracellular
metabolome. Comprehensive analysis of metabolites within yeast cell extracts was done
using FTIR, ES-MS and NMR spectroscopy. Unfortunately, measuring intracellular
metabolites is time-consuming and subject to technical difficulties caused by the rapid
turnover of intracellular metabolites and need to quench metabolism and separate
metabolites from the extracellular space. Thus, this method is difficult to scale-up for high-

throughput screening.

Metabolic footprinting focuses on direct mass spectrometric monitoring of
extracellular metabolites in spent culture medium. Allen et al (2003) used metabolic
footprinting to distinguish between different physiological states of wild-type yeast and
between yeast single-deletion mutants even from related areas of metabolism (Figure 2.5).
Using principle componenets analysis (PCA) and genetic programming, Allen ef al. (2003)
showed that metabolic footprinting is an effective method to classify unknown gene

deletions. Footprinting was reviewed recently with all aspects (Kell ez al., 2005).
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Most of the genes involved in fermentation and respiration by S. cerevisiae are
known. However, there are unclear points in the regulation of the pathways that are part of
fermentation and respiration. Metabolic footprinting and fingerprinting of fermenting or
respiring yeast might be used to identify new genes involved in these pathways. Moreover,
the extent of fermentation and respiration in an uncharacterized culture might be quantified
by comparing its profile with profiles of previous cultivations make conclusions about the

physiology of the culture in question.

2.13. Functional Annotation of Genes

Following the complete sequencing of genomes, attempts were made (for many
organisms) to annotate functions to the unknown genes depending on the similarity of their
sequences with the sequences of known genes (Cho et al., 2001; Curwen et al., 2004; Mills
et al., 2003; Zhou et al., 2002; Khan et al., 2003; Koski et al. 2005; Martin et al. 2004;
Vinayagam et al. 2004). Collection of high-througput experimental data on protein-protein
or protein-DNA interactions enabled new annotations depending on interaction networks
(Deng et al. 2004; Brun 2004, Letowski and Kasif 2003; Zhou et al. 2002a). Text mining in
web resources and available publications were also used for annotation of new functions

(Tamames et al., 2005).

As the experimental data in databases accumulated, integration of different data sets
became possible for annotations depending on many biological evidences (Schlitt et al
2003; Chen 2004; Hazbun 2003; Troyanskaya et al. 2004). The database STRING
gathering all these information together (neighborhood on the genome, fusion information
from other species, phylogenetic profile, coexpression, protein-protein interaction (PPI)
and protein complexes, information from databases, textmining in abstracts of
publications) is used to investigate all functional linkages at a glance (von Mering et al.,
2005) and also bioinformatics tools developed for integrating all biological data is released

for public use (e.g. AVID by Jiang and Keatling (2005); GeneFAS by Joshi et al., (2004)).

In Table 2.4, a list of publications reporting methods for in silico functional

genomics of S. cerevisiae and Gene Ontology (GO) is given. This list is far from being
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complete, however indicates the trends of computational functional genomics research.

This section concludes the survey of historical and recent research on S. cerevisiae.

Table 2.4. Recent Publications on /n Silico Functional Genomics

Publication Title Classificat Data Type
ion
Cho and Computational methods for gene | GenBank, | Sequence Homology
Walbot, 2001 | annotation: the Arabidopsis Arabidops
genome is Genome
Initiative
Zhou et al., | UniBLAST: A system to filter, - Sequence Homology
2002 cluster, and display BLAST
results and assign unique gene
annotation
Zhou et al., | Transitive functional annotation | GO Expression correlation,
2002b by shortest-path analysis of gene | (SGD) Co-localization
expression data
Cornell ef al., | GIMS: an integrated data storage | GO Transcriptome, PPI,
2003 and analysis environment for genomic data,
genomic and functional data metabolic pathways
Hazbun et al., | Assigning Function to Yeast GO PPI, Co-localization,
2003 Proteins By Integration of co-purification,
Technologies homology and
structural similarity
Khan et al., | GoFigure: Automated Gene GO Sequence Homology
2003 Ontology annotation (SGD)
King et al., | Predicting phenotype from GO Yeast Phenotype
2003 patterns of annotation (SGD) Catalog
Letowsky and | Predicting protein function from | GO PPI
Kasif 2003 | protein/protein interaction data: | (SGD)

a probabilistic approach
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Rougemont | DNA microarray data and GO (SGD) | Gene Expression
Hingamp, contextual analysis of correlation
2003 graphs
Schlitt et al., | From Gene Networks to Gene GO (SGD) | PPI, Protein
2003 Function complexes, text
search, gene
expression, TF
binding site
Troyanskaya | ABayesian framework for GO (SGD) | PPI, Gene
etal., 2003 | combining heterogeneous data Expression, Co-
sources for gene function localization, TF
prediction binding
Alloco et al., | Quantifying the relationship GO (SGD) | Gene Expression, TF
2004 between co-expression, co- binding
regulation and gene function
Brunetal.,, | Clustering proteins from YPD PPI
2004 interaction networks for the classificatio
prediction of cellular functions | n and GO
(SGD)
Chen and Xu, | Global protein function GO (SGD) | PPI, protein
2004 annotation through mining complexes, gene
genome-scale data in yeast expression, sequence
Saccharomyces cerevisiae homology, co-
localization
Curwen et al., | The Ensembl Automatic Gene SWISS- Sequence Homology
2004 Annotation System PROT and
RefSeq
Deng et al., | Mapping gene ontology to GO (SGD) | PPI
2004 proteins based on protein—

protein interaction data
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2005

automatic literature searches

Joshi et al., | Genome-Scale Gene Function GO (SGD) PPI, Protein
2004 Prediction Using Multiple complexes,
Sources of High-Throughput Phenotypes, Protein
Data in Yeast Saccharomyces Classes and Motifs,
cerevisiae Gene Expression
Martin et al., | GOtcha: a new method for GO Sequence Homology
2004 prediction of protein function
assessed by the annotation of
seven genomes
Vinaygam et | Applying Support Vector GO Sequence Homology
al., 2004 Machines for Gene ontology
based gene function prediction
Jiang and | AVID: An integrative framework | GO (SGD) PPI, Sequence
Keatling, | for discovering functional Homology, Protein
2005 relationships among proteins Complexes,
Localization, Gene
Expression
Koski et al., | AutoFACT: An Automatic Metabolic Sequence Homology
2005 Functional Annotation and pathways,
Classification Tool Functional
classes,
Enzyme
classes, GO
Nabieva et | Whole-proteome prediction of MIPS PPI, co-expression
al., 2005 protein function via graph- functional and shared
theoretic analysis of interaction | hierarcy and | evaluationary
maps GO (SGD) information
Rubinstein | MILANO — custom annotation of | User defined | Text search in web
and Simon, | microarray results using terms
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Tamames, | Text Detective: a rule-based Text mining
2005 system for gene annotation in
biomedical texts
Valencia, | Automatic annotation of protein Discussion on
2005 function function annotation

methods
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3. MATERIALS AND METHODS

Materials and methods will be given in two subsections, the experimental part lists
the equipment and materials, and summarizes the protocols used in the experiments. The
computational part gives a list of the software tools and summarizes the computational

methods.

3.1. Experimental Materials and Methods

This section gives the details of the strains, chemicals, equipments, analysis kits used

in this study followed by the experimental procedures applied.

3.1.1 Experimental Materials

3.1.1.1. S. cerevisiae strains. Deletion strains of S. cerevisiae with genomic background

BY4743 (MATa/a  his3A1/his3A1  leu2A0/leu2A0  lys2AO/LYS2  METI15/met15A0

ura3A0/ura3A0) from the Yeast Genome Deletion Project library were used. The ko
deletant is commonly used as a standard strain in control experiments since the deletion
has no measurable impact on either flux (growth rate; Baganz et a/.,1997) or metabolome
(Oliver et al., 1998). The absence of the genes in a strain’s genome was verified using

PCR-based methods. A list of deletion strains used in this study is given in Table 3.1.

3.1.2.2. Primers. Primers were designed to amplify the deletion casettes for PCR-based
verification of gene deletions. The list of the primers are given in Table 3.2. The sequences
provided by Yeast Genome Deletion Project are used. Locations of the primers on the
genome are given in Figure 3.1. KanMX forward and reverse primers were used to verify
the existence of KanMX cassette on the genome. Uptag-Downtag primers are used to
verify the existence of correct deletion cassette and A-D primers are used to verify that

deletion cassette is in correct location on the genome.
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hoA/hoA Homozygous deletion mutant of BY4743
hap4A/hap4A Homozygous deletion mutant of BY4743
oxalAoxalA Homozygous deletion mutant of BY4743
beslA/besIA Homozygous deletion mutant of BY4743
ripl Alripl A Homozygous deletion mutant of BY4743
migl A/miglA Homozygous deletion mutant of BY4743
mbal AVmbal A Homozygous deletion mutant of BY4743
HAP4/hap4A Heterozygous deletion mutant of BY4743
RIP1/riplA Heterozygous deletion mutant of BY4743
MIG1/miglA Heterozygous deletion mutant of BY4743
Uptag KanMX
A primer Primer  Forward
—_—
ATG | UPTAG | KanMXx4 DOWNTAG [TAA
< KanMX € Downtag D primer
Reverse Primer

Figure 3.1. Locations of the primers on deletion locus (adapted from Yeast Genome

Deletion Project, 2002)

3.1.2.3. Isolation and Assay Kits. Isolation of genomics DNA was carried out using
TAKARA DNA isolation kit (TAKARA Bio Inc., Catalog number: 9084). Ethanol and

glucose contents of the samples were measured using Boehringer Mannheim/R-Biopharm

analysis kits (Catalog numbers: 10 176 290 035 and 10 716 251 035).

Table 3.2. Primers and Sequences

Gene Primer Sequence

- KanMX Forward CTGCAGCGAGGAGCCGTAAT

- KanMX.Reverse TGATTTTGATGACGAGCGTAAT
BCS1 YDR375C.DOWNTAG AATTAGATGGGACGTTGCCT
BCS1 YDR375C.UPTAG AAGTCCGCTTAACCTATGCG
RIP1 YEL024W.DOWNTAG CAGCGCATCCAATTACATGA
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RIP1 YEL024W.UPTAG CTATTCTGGAGCACCGATGG
MIG1 YGLO35C.DOWNTAG CTTAGTGCTAGAGTTACGGT
MIG1 YGLO035C.UPTAG CCACGAGACGTTTCTAAATC
HAP4 YKL109W.DOWNTAG CCATAAGACGTTGTGAAACC
HAP4 YKL109W.UPTAG TGGAATACCCACGAACGGAC
HO YDL227C.DOWNTAG GCGCGTCAAGTACAAAGTTA
HO YDL227C.UPTAG GGGCACACCCAATTTAGACA
OXAl YER154W.DOWNTAG TAAACATAGCGCCAGGACGG
OXAl YER154W.UPTAG ATCTGTGCGCCAGTATCGCT
BCS1 YDR375C.A GTTTATTTGTGAAGAAATGT
BCS1 YDR375C.D TTAGTTTAGATGCGGAGGAG
RIP1 YEL024W.A TATTTCATCCTTTCAACTTC
RIP1 YEL024W.D GAAAAAGAAGATGGTGAGAC
MIG1 YGLO035C.A GAAGCAACAACAAATTTTTA
MIGI YGLO035C.D GAACAATTAATTATCTCTGC
MBAI1 YBR185C.A GGAAGAGTCTCAGATATTGG
MBAI1 YBR185C.D TCTAAAAGATGAAGCAAAGC
OXAl YER154W.A AGTCTTTTCGTGATAGTCAA
OXAl YERI54W.D CATGCAATGGTAAATGAAGA
OXAl YER154W.UPTAG ATCTGTGCGCCAGTATCGCT
OXAl YER154W.DOWNTAG TAAACATAGCGCCAGGACGG
3.1.2.4. Microarrays. The GeneChip Yeast Genome S98 Array (YG-S98) used in

this study is a single array that permits the monitoring of the mRNA abundance from

approximately 6,400 open reading frames (ORFs) and additional sequences from the yeast

genome. Oligonucleotide probes were synthesized on the array complementary to a portion

of each gene represented. The genes represented on the array were selected predominantly

from the Saccharomyces Genome Database (SGD, Dolinski et al., 2005) with a download

date of 12/98. Additional sequences were obtained from the Munich Information Center

for Protein Sequence (MIPS, Mewes et al., 2004).
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Also probes for potentially-expressed sequences identified by Serial Analysis of
Gene Expression were included. On YG-S98, there are approximately 16 pairs of probes
for each gene (“Affymetrix GeneChip Expression Analysis Technical Manual”, 2000-2003,
Affymetrix Inc).

The GeneChip probe array consists of a square glass substrate mounted in a plastic
cartridge (Figure 3.2). The glass contains an array of oligonucleotides that, when mounted,
is on the inner glass surface. A chamber in the plastic housing directly under the glass acts
as a reservoir where hybridization and washing occur (“Affymetrix GeneChip Expression

Analysis Technical Manual”, 2000-2003, Affymetrix Inc).

Plastic cartridge ___

Front

Probe array on -~
glass substrate

Figure 3.2. GeneChip Probe Array (Affymetrix, 2000-2003)

3.1.2.5.Chemicals. Chemicals used in this study are listed in Table 3.3.

Table 3.3. Chemicals and suppliers

Chemical Supplier
Acotonitrile Merck
Agar-agar Merck
Ammonium sulfate - (NH,),SO4 Merck
Biotin Merck
Boric Acid Merck
Boric Acid - H3BO; Merck
Bromophenol blue Merck
Calcium chloride - CaCl,. 2H,0 Merck
Ca-pantothenate Merck




Table 3.3. continued

Chloroform Merck
Cupper (II) sulfate pentahydrate - CuSO4 . 5SH,O Merck
DEPC (diethylpyrocarbonate) Sigma
EDTA (ethylenediaminetetraacetic acid) Merck
Ethanol Merck
Ethidium bromide Sigma
Ferric chloride hexahydrate - FeCls . 6H,O BDH
Formic acid Merck
G-418 (Geneticin) Sigma
Glucose Merck
HEPES Sigma
Inositol Merck
IPA (isopropyl alcohol) Merck
L-histidine Merck
Lithium chloride - LiCl Merck
L-leucine Sigma
Magnesium sulfate heptahydrate - MgSO4 . 7H,O Merck
Methanol Merck
NTPs Promega
Peptone Merck
Potassium dihydrogen phosphate - KH,PO4 Merck
Potassium hydroxide - KOH Merck
Potassium iodide - KI Merck
Pyridoxine Fluka
Sodium Chloride - NaCl Merck
Sodium chloride - NaCl Merck
Taq DNA polymerase Promega
Thiamine/HCl Merck
TRIZOL Invitrogen
Tris/HCl Merck
TrisAcetate Merck
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TrisBase Merck
Uracil Fluka

Yeast extract Merck
Zinc sulfate heptahydrate - ZnSO4 . 7H, O Merck

3.1.2.6. Laboratory Equipment. List of laboratory equipment and suppliers are given in

Table 3.4.
Table 3.4. Laboratory equipment
Equipment Supplier
Autoclave Eyela Model MAC-601(Japan)
Balance Precisa 80A-200M (Switzerland)
Centrifuges SORVALL RC-5B  Refrigerated  Superspeed

Centrifuge, DuPont (USA)
Eppendorf 5415 C (Germany)

Deep freezers

-80°C, Hetofrig CL410HETO (Denmark)
-20°C, BOSCH (Germany)

Dismembrator

Biolab Micro-Dismembrator S (New England, USA)

Horizontal gel-electrophoresis

Horizon 58, Model 200, BRL (USA)

Fermenters Bioflo III Batch/Continuous Fermenter, New
Brunswick (England)
Fludics Equipment Affymetrix (USA)

Heating Magnetic Stirrers

MR 3001, Heidolph (Germany)
Scientifca ARE, VELP (Italy)

Hybridization oven

Affymetrix (USA)

Incubator

NUVE ENS500 (Turkey)

Laminar Flow Cabinet

HBB 2460 LaminAir, Holten (Denmark)

Orbital Shakers

GFL 3032, GFL (Germany)
INNOVA 4340 Illuminated Refrigerated Incubator
Shaker, New Brunswick Scientific (USA)
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Table 3.4. continued

Refrigerators +4°C Ariston (Italy)
+4°C Argelik (Turkey)
Rotavapor HETO VRI1 (Denmark)
Scanner Affymetrix (USA)
Spectrophotometer DU 640 Beckman (USA)
Vortex Elektromag (Turkey)
Water Baths HETO, CB 8-30e AT ¢ (Denmark)

HETO, CB 8-30e DT, (Denmark)
HETO DT Hetotherm (Denmark)
Water Purification Systems Millipore, Milli Ro Plus (USA)

Millipore, Milli-Q UF Plus (USA)

3.1.3. Experimental Methods

The experimental methods used are described in detail in the following sections.

3.1.2.1. Plates. G418-containing (200 mg/l) YPDA medium (2 per cent yeast extract, 1 per

cent peptone, 2 per cent glucose, 2 per cent agar-agar), was sterilized in an Erlenmeyer
flask and transferred to sterile plates (30 ml portions) and allowed to cool and solidify.
Cells from 10-20 microliters of frozen stock was distributed on the surface of the solidified
medium, the plate was isolated using Parafilm and incubated at 30°C for 1 or 2 days until
the colonies are visible. The plates with colonies were kept at 4°C. The plates for
respiration tests were prepared similarly using G418-containing (200 mg/l) YPEA (2 per

cent yeast extract, 1 per cent peptone, 2 per cent ethanol, 2 per cent agar-agar).

3.1.2.2. Preculture. 10 ml G418-containing (200 mg/l) YPD medium (2 per cent yeast
extract, 1 per cent peptone, 2 per cent glucose, 2 per cent agar-agar) was sterilized in an
Erlenmeyer flask, seeded with 1-2 colonies from the YPDA plates. The culture was
incubated at 30°C overnight.

3.1.2.3. Media preparation. Mineral media, supplemented with trace elements and vitamins

were used (Baganz et al., 1997) in chemostat experiments. The compositions of the media
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were as follows: KH,PO4 (2 g/1), MgS04.7H,0 (0.55 g/1), NaCl (0.1 g/1), CaCl,.2H,0 (0.09
g/1), Uracil (0.02 g/1), L-Histidine (0.02 g/1), L-Leucine (0.1 g/1), ZnSO4.7H,0 (0.7 x 10
g/l), CuS04.5H,0 (0.1 x 10™* /1), HsBOs (0.1 x 10 g/l), KI (0.1 x 10™ g/1), FeCl;.6H,0
0.5 x 10 g/1), inositol (0.12 g/1), thiamine/HCI (0.014 g/1), pyridoxine (0.004 g/1), Ca-
pantothenate (0.004 g/1), biotin (0.0003 g/l). For glucose-limited medium, 3.13 g/l
(NH4)2SO4 and 2.5 g/l glucose were added to the medium described above. For nitrogen-
limited medium 0.46 g/l (NH4),SO4 and 20 g/l glucose were added to medium described

above.

3.1.2.4. Fermentation. The chemostat reactors used in this study were BioFlo 3000
fermentors with in/out flow streams, agitation, temperature and pH control. The feed
stream was supplied from a 20L container which was sterilized prior to operation and filled
with filter-sterilized medium under sterile conditions. The fermentors were aerated with
filter-sterilized air supplied from a compressor. An external heating belt connected to a
controller was used to keep the fermentors at constant temperature. 1M KOH and 1M HCl
solutions were used as basic and acidic supplies for adjusting the pH, flowrates of these

solutions were adjusted by the controller.

Prior to operation, the pH probe was calibrated and fitted to fermentors. DO probe
was fitted with no calibration. The fermentors were autoclaved and filled with medium.
Connections for temperature and pH control were made, calibration of DO probe was
performed by saturating the medium with O, (saturation point calibration) and with N,
(zero point calibration). The level control bar was adjusted to keep the working volume at
1L. PID control of agitation (750 rpm), pH (4.5) and temperature (30°C) were activated.
Pumps were calibrated for the flowrate to be used (100 ml or 200 ml per hour for D =
0.1hr" and D = 0.2 hr, respectively). Precultures (10 ml) grown overnight in G418-
containing YPD medium were used to inoculate the fermentors. Temperature and pH of
chemostats were kept constant at 30°C and 4.5, respectively, and the oxygen content was

maintained at saturation. The total operation time varied from 72 hours to 120 hours.

3.1.2.5. Sample collection. The biomass content of the fermentors were measured as OD

(optical density) at 600 nm using acrylate cuvettes and a spectrophotometer. Steady

operation was assumed to be reached when OD changes were no more than 10 per cent.
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After three retention times (30 and 15 hours for D = 0. 1hr! and D = 0.2 hr?, respectively),

the samples were collected into precooled tubes and dipped into liquid nitrogen to freeze

the samples immediately. 1 ml samples were collected for extracellular metabolite analysis

(4 x 1ml), 5 ml samples were collected for intracellular metabolite analysis (2 x 5ml), 20

ml samples were collected for mRNA analysis (2 x 20 ml). The samples were kept at -

80°C.

3.1.2.6. RNA isolation. Isolation of total RNA was carried out using Trizol reagent. The 20

ml samples from fermentors were defrosted on ice and following steps were carried out:

a.

b.

5 @ o

p— o

Cells were harvested by centrifugation at 4000 rpm for 3 minutes.

Sml teflon vessel was precooled in liquid nitrogen together with a 7mm bead made
of tungsten carbide. Vessel was taken out of liquid nitrogen with the bead and some
liquid nitrogen remaining in it.

Cell pellet was resuspended in a very small volume of growth medium.

Suspension was sucked into a pipette and released as individual drops directly into
liquid nitrogen in the pre-cooled teflon vessel.

The vessel was closed with a pre-cooled cap and placed into the holder of micro-
dismembrator.

The vessel was shaken at 1200rpm for 5 minutes.

The frozen powder was dissolved in 2 ml of Trizol and split into two eppendorfs.

The suspension was homogenized by vortexing for 1 min.

Samples were kept at room temperature for 5 min to allow for dissociation of the
nucleoprotein complexes.

Samples were centrifuged at 12000g for 5 min and clear supernant was transfered to
a fresh tube (this was an optional step to precipitate polysaccharides, extracellular
matrix and high molecular weight DNA).

Samples were shaken vigourously for 15 sec after addition of 0.4 volume (400
microliters) chloroform and left at room temperature for 5 minutes.

Samples were centrifuged at 12000g for 5 min. The mixture separates into the lower
red phase (phenol-chloroform), the interphase and the colourless upper aqueous
phase. RNA was forced exclusively into the aqueous phase whereas the DNA and the

proteins partition into the interphase and the lower phenol phase).
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m. Aqueous phase was transferred to a fresh tube (0.5 ml). Aqueous phase from two

identical sample tubes were combined to yield 1 ml of sample.

RNA was precipitated with 0.5 ml of wasopropil alcohol (IPA) / ml of sample and
kept at room temperature for 5-15 minutes. Samples can be left overnight at this
stage.

Samples were centrifuged at 12000g for 10 min. RNA pellet should form a gel like
precipitate on the bottom and side of the tube.

IPA was removed carefully.

q- The pellet was washed with 1ml 70 per cent ethanol by vortexing and centrifuged at

12000g for 10 min.

RNA pellet was briefly air dried.

RNA was dissolved in 0.5ml DEPC treated water.

1 volume of LiCl buffer was added and precipitated at least for one hour at -20°C.
Samples were centrifuged at maximum speed for 30 min. Samples can be left
overnight at this stage.

Pellet was washed with 1 ml 70 per cent ethanol to remove any salts as these will act
as inhibitors of reverse transcriptase.

Pellet was dried and dissolved in 25 microliters of DEPC treated water.

RNA concentration of 2:500 diluted RNA sample in DEPC treated water was
determined by measuring OD at 260 nm. 1 microliter of samples were diluted 1:10

and run on 1 per cent agarose gel (TBE) to visualize and verify the quality of RNA.

3.1.2.7. DNA isolation. DNA isolation was carried out using TAKARA Dr.GenTLE DNA
isolation kit (TAKARA Bio Inc., Catalog number: 9084). The steps applied were as

follows:
a. Cell culture was centrifuged at 12000rpm for 30 sec.
b. Supernatant was discarded.
c. 540 microliter of GenTLE Yeast Solution I was added to pellet and mixed by
vortexing.
d. 60 microliter of GenTLE Yeast Solution II was added and mixed by vortexing.
e. Mixture was heated at 70°C for 10 min.
f. 300 microliter of GenTLE Yeast Solution III was added and mixed by converting the

tube (no vortex).
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The tube was placed on ice for 2 min and mixed again by converting the tube (no
vortex).

Mixture was centrifuged at 12000 rpm for 5 min at 4°C.

Supernatant was transferred to a fresh tube. 600 microliters of isopropanol was added
and mixed by vortexing.

Mixture was centrifuged at 12000 rpm for 5 min at 4°C, supernatant was discarded.
White DNA pellet should be visible.

DNA pellet was washed with cold 70 per cent ethanol solution and centrifuged again
at 12000 rpm for 5 min at 4°C.

Supernatant was discarded and DNA pellet was dried either by air or vacuum.

Pellet was dissolved in 50 microliters of TE buffer.

Resuspended DNA was stored at 4°C or -20°C.

3.1.2.8. PCR mixture. The amplification of DNA samples were carried out using PCR

reactions. The PCR reaction mixtures were prepared as follows:

a.

b.

Template DNA : 1.0 ul

10 x Buffer :5.0ul

10 MM NTPs : 0.4 ul
Primer 1 (1:50) : 2.5 ul
Primer 2 (1:50) : 2.5 ul

H,0 :37.6 ul

Taq DNA Polymerase: 1.0 ul

3.1.2.9. PCR program. The PCR program used to amplify the DNA from deletion mutants

was as follows:

a.

b.

94°C - 3min - 1 cycle

94°C - 15 sec
55°C - 15sec
72°C - 1 min

The section (b) applies for 35 cycles
72°C - 3min - 1cycle
4°C - storage period
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3.1.2.10. Gel electrophoresis. Gel electrophoresis was used to visualize DNA and RNA

samples. 0.7 per cent agarose gel in TAE buffer was prepared and samples were visualized

as follows:
a. 0.7 gr agarose was dissolved in 100 ml TAE buffer.
b. The solution was heated until the boiling point in microwave oven.
c. Solution was cooled at room temperature for 5 min.
d. 4 ml of ethydium bromide solution was added and mixed.
e. The gel was poured on the casting tray and allowed to cool.
f. The gel tank was filled with TAE buffer (gel should be covered with buffer)
g. 9 ul of DNA or RNA sample was mixed with 1 pl loading dye.
h. The mixture was loaded to well in the gel, they are run for 45 min under 120V.
i.  The bands were visualized under UV light.
j- 1 per cent agarose gel in TBE buffer was prepared similarly using 1 gr of agarose and

replacing TAE buffer with TBE buffer.

3.1.2.11.  Intracellular Metabolite Extraction. The method applied for intracellular

metabolite extraction was adapted from Gonzales et al. (1997) and Castrillo et al. (2003):

a.

5 ml cell cultures were quenched in 20 ml 60 per cent methanol, 70mM HEPES, 7.5
pH solution at -40°C.

The mixture was stored at -80°C.

The mixture was centrifuged at 12000 rpm for 3 min.

Metabolites from the pellet were extracted by adding 5 ml of boiling 75 per cent
ethanol 0.25M HEPES, 7.5 pH solution.

The samples were analysed for glucose content using enzymatic method.

The samples were analysed for metabolome profile using MS.

3.1.2.12.  Enzymatic Determination of Glucose Content. Boehringer Mannheim/R-

Biopharm analysis kit (Catalog number: 10 716 251 035) was used for analysis of glucose

content in samples. The procedure was as follows:

a.

b.

C.

d.

1 ml solution 1 was pipetted into cuvettes.
0.1ml of sample was pipetted into the cuvettes.
1.9 ml of redistilled water was pipetted into the cuvettes.

The mixture was mixed by pipetting or converting the cuvette .
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After approximately 3min, absorbance of the mixture was measured at 340 nm using
spectrophotometer (A)).

0.02 ml of suspension 2 was added to the mixture, mixed by pipetting.

After completion of reaction (approx. 10-20 min), the absorbances were read again
(A2).

The same procedure was applied for a standard reaction, 0.1ml of water replaced the
sample in the standard reaction.

Glucose contents of the samples were calculated as described in the manual of the kit.
The samples were be diluted prior to analysis when the glucose concentration was

higher than 0.5 gr/l.

3.1.2.13.  Enzymatic Determination of Ethanol Content. Boehringer Mannheim/R-

Biopharm analysis kit (Catalog number: 10 176 290 035) was used for analysis of ethanol

content in samples. The procedure was as follows:

a
b.

C.

3 ml reaction mixture 3 was pipetted into cuvettes.

0.1ml of sample was pipetted into the cuvettes.

The mixture was mixed by pipetting or converting the cuvette .

After approximately 3min, absorbance of the mixture was measured at 340 nm using
spectrophotometer (A;).

0.05 ml of solution 3 was added to the mixture, mixed by pipetting.

After completion of reaction (approx. 5-10 min), the absorbances were read again
(A2).

The same procedure was applied for a standard reaction, 0.1ml of water replaced the
sample in the standard reaction.

Ethanol contents of the samples were calculated as described in the manual of the kit.
The samples were be diluted prior to analysis when the glucose concentration was

higher than 0.06 gr/l.

3.1.2.14. Quantification of mRNA expression. The experimental procedures from

Affymetrix GeneChip Expression Analysis Technical Manual (2000-2003, Affymetrix Inc)

were applied in hybridization experiments to quantify mRNA expression levels, the steps

followed are as follows (Figure 3.3):

a.

Isolation of RNA
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s

Isolation of RNA from yeast
Precipitation of RNA
Quantification of RNA
First-strand cDNA synthesis

a o

Second-Strand cDNA synthesis
Cleanup of Double-Stranded cDNA
Synthesis of Biotin-Labeled cRNA
Cleanup of Biotin-Labeled cRNA
j-  Quantification of the cRNA

= @ oo

p—

k. Checking Unfragmented Samples by Gel Electrophoresis
1. Fragmenting the cRNA for Target Preparation

m. Eukaryotic Target Hybridization

n. Probe Array Wash and Stain

0. Probe Array Scan

3.1.2.15. Mass spectrometry. Metabolome profiles of samples were detected using mass

spectrometry. Intracellular samples and extracellular samples were diluted 1:100 and 1:10
in 50 per cent acetonitrile, 50 per cent H,0 , 0.1 per cent formic acid solution prior to
analysis with ES-MS. The per cent intensities between 20-1700 m/z of 12 spectra were
recorded and binned prior to data analysis. The optimized parameters from Castrillo et al.

(1997) were used.

3.1.2.16. Buffers and Compositions. The buffers and the solutions are given in Table 3.5.

Table 3.5. Buffers and solutions

Buffer Composition

LiCl buffer 4M LiCl, 20 mM Tris/HCI, 10 mM EDTA, pH 7.5.
TBE buffer 0.089 M Tris-Borate/0.002 M EDTA, pH 8.3

TAE buffer 0.4 M Tris-Acetate/0.001 M EDTA, pH 8.3

DEPC treated water | 0.1 per cent v/v DEPC for at least 1 hour at 37°C, autoclaved

Loading dye 1 per cent bromophenol blue in water

EtBr solution 5.25 mg ethidium bromide /ml water
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Figure 3.3. Target Labeling for GeneChip Expression Analysis (Affymetrix, 2003).
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3.2. Computational Tools and Methods

The softwares used are given in Table 3.6 and the databases referred to for general

information and high throughput data are listed in Table 3.7. The online bioinformatics

tools used are given in Table 3.8. In the following sections, the mathematical methods used

in this study are described in detail.

Table 3.6. Softwares

Software Supplier

Word Microsoft Word 2002 (Microsoft Corporation, 1984-2001
Excel Microsoft Excel 2002 (Microsoft Corporation, 1984-2001)
Matlab Matlab 6.5.0.180913a Release 13 (Mathworks, 1984-2002)
PLS toolbox PLS Toolbox Version 3.5 (Eigenvector Research, 1995-2005)

Cytoscape 2.0

Cytoscape 2.0 (Various Institutions - June 2004)

GeneCluster 2.0

GeneCluster Version 2.1.3 Beta Build 20020926 (Whitehead
Institute for Biomedical Research, 2002).

Microarray Suite

GeneChip Microarray Suite 5.0.1 (Affymetrix Inc. 2002-2003)

dChip

DNA-Chip Analyzer Version 1.3, (Wong Lab, Harvard School of
Public Health and Dana-Farber Cancer Institute, 2000-2004)

Table 3.7. Databases

Database Referred for:

SGD (Dolinski et al.,2005) General information on genes and
proteins, GO annotations of ORFs

CYGD (Giildener et al., 2005) General information on S. cereviae
genes and proteins

BIND (Alfarano et al., 2005) Protein-protein interaction data

GRID (Breitkreutz et al., 2003) Protein-protein interaction data

KEGG (Kanehisa and Goto, 2002) Metabolic pathways of S. cereviae

STRING (von Mering et al., 2005) Data on ORFs sharing similarities

YEASTRACT (Yeastract, 2005) Data on transcription factors and the
genes they bind to.
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Table 3.8. Online Tools

Tool Purpose

SGD GO Mapper Distribution of genes to GO terms
(Dolinski et al.,2005)

SGD Slim Mapper Distribution of genes to GO Slim terms
(Dolinski et al.,2005)

Wu-BLAST2 Amino-acid sequence similarity
Gish, W. (1996-2004)

3.2.6. Pre-Processing of Transcriptome and Metabolome Data

Various pre-processing were applied to transcriptome and metabolome data:

a. Normalization by dChip: The software dChip normalizes transcriptome data from all
microarrays in an experiment set. The median array is used to normalize all
measurements, so that the average measurements from all arrays are closer to each

other. This normalization should be done to all arrays that will be analysed together.

b. Log2 transformation: All expression values are transformed to log2 basis. The
expression values measured on arrays are not linearly correlated with the actual
abundance of mRNA in the cells. Log2 transformation of measured values is applied

to obtain a linear correlation between measured values and mRNA abundance.

c. Autoscaling by MATLAB: The transcriptome data is normalized prior to PCA and
PLS by MATLAB. The expression values are autoscaled, i.e., average of the

measurements is set to 0 and variance of the measurements is set to 1.

d. Autoscaling by GeneCluster: Autoscaling was applied to transcriptome data prior to

clustering by GeneCluster.

e. Averaging and binning MS data: The intensity values from 12 spectra were averaged

for each sample to obtain the average intensity at each m/z value. The intensities
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were then binned (averaged) to obtain a single intensity value for each integer m/z

value between 20 and 1700.
3.2.7. 2¥ Factorial Experiment Design
Basic 2’ factorial experiment design was applied to investigate the effects of three factors
on S. cerevisiae cells. The details of the design, conditions and samples are given in Tables

3.9-10. In the related figures, the symbol ‘A’ 1s omitted from the sample names.

Table 3.9. 2° Factorial Experiment Design

Run Deletion | Medium | Rate | Sample Name
1 - - - hoAG1
2 + - - hap4AG1
3 - + - hoAN1
4 + + - hap4AN1
5 - - + hoAG2
6 + - + hap44G2
7 - + + hoAN2
8 + + + hap4 AN2

Table 3.10. Factors and Experimental Conditions

Factor Level (-) Level (1)

Deletion Homozygous diploid sioA/hoA | Homozygous diploid hap4A/hap4A
Medium Glucose-limited Ammonium-limited

Dilution Rate | 0.1 h" 0.2h"

3.2.8. Linear Modelling and Analysis of Variance (ANOVA)

The linear model for a factorial experiment with three factors is as follows

(Montgomery, 2001):
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Vi =HAT, B+ (@) + (@) +(BY) e (@) + € 3.1
where 1, j, k represent the indices of the levels of the factors;i=1,2,...,a; j=1,2,..,Db;
k=1,2,..,c; l: index of replicates; 1 = 1, 2, ..., n; p : mean of the outputs; y : simulated

value of the output variable; T, 3, v : effects of the factors; € : random error. The output

variable y represents the expression level of an ORF on a log , basis.

The linear model in Eq.(3.1) was used to estimate the coefficients to describe the
expression level of each ORF. The coefficients obtained in each case are the “effects” of
the factors on the expression of the ORF modeled. A positive effect made by a factor
indicates that the ORF is up-regulated at Level (+) when compared to Level (-) of that
factor. Similarly, a negative effect indicates down-regulation of ORF at Level (+) when

compared to Level (-).

Once the model is constructed, analysis of variance (ANOVA) is used to test the
hypothesis that the effects are significant or not (equal to zero or not). Analysis of variance
partitions the total variability into its parts, i.e., into factors. The ANOVA table for a three-

factor model is given in Table 3.11.

Table 3.11. ANOVA table for three-factor model

Source of Sum of | Degrees of Mean Square Fo
Variation Squares Freedom
Factor A SSa a-1 MSA=SSA/(a-1) MSA/MSg
Factor B SSp b-1 MSg=SSp/(b-1) MSp/MSg
Factor C SS. c-1 MS¢c=SS¢/(b-1) MS/MSg

Interaction AB SSaB (a-1)(b-1) MSap =SSap/[(a-1)(b-1)] MSAp/MSE
Interaction AC SSac (a-1)(c-1) MSac=SSac/[(a-1)(c-1)] MSAc/MSg
Interaction BC SSgc (b-1)(c-1) MSpc=SSpc/[(b-1)(c-1)] MSgc/MSg

Interaction ABC | SSagc (a-1)(b-1) MSasc=SSagrc/ MSasc/MSE
(c-1) [(a-1)(b-1)(c-1)]
Error SSg abc(n-1) MSg=SSa/[ab(n-1)]

Total SSt aben-1




Formulae for sum of squares are as follows:
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P-values of the factors were calculated corresponding to F-values obtained via
ANOVA in order to indicate the significance of the correlation between the gene

expression and the factor.

3.2.9. Principle Component Analysis (PCA) and Partial Least Squares (PLS)

In industrial processes, large sets of process data are collected by computerized
control and monitoring systems. Multivariate data analysis methods have emerged to
compensate for the need for data reduction towards understanding the nature of the process
and fault diagnosis. Principal components analysis (PCA) and partial least-squares
(projection to latent structures - PLS) are two statistical methods that were proposed for
process analysis, monitoring and diagnosis (Geladi and Kowalski, 1986, Kourti and
MacGregor, 1995, Wold et al., 2001). Later on, these methods were employed as one of
the standard tools of chemometrics in analytical chemistry (Hopke, 2003). The theoretical
background of PCA (Kourti and MacGregor, 1995) and PLS (Wold, 1987, Geladi and

Kowalski, 1986) have been presented and industrial applications reviewed extensively.

PCA was found to be useful in a wide range of applications in bioinformatics, i.e.,
reducing the dimensions of high-throughput metabolome data (Allen et al., 2003 and
Raamsdonk et al, 2001) and identifing the clustering of co-regulated genes (Peterson,

2003) .

PCA projects the original data set to a new space with reduced dimensions. The
transformation is made by the loading matrix (p) and the observations are represented by
the score matrix (t) in the new space. Columns of p and t matrices correspond to principal

components, which lie in the direction of maximum variation that remains in the data after
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removal of the variation explained by the previous component. Decomposition of the data

matrix X into matrices t, p and the residual matrix e is as follows:

X=tp'+e (3.20)

where subscript “#” denotes the transpose of the matrix p.

PLS was recently used for the analysis of transcriptome data for classification of
samples from human tumors (Nguyen and Rocke, 2002a) and classification of patients for
their survival time (Nguyen and Rocke, 2002b). In another study, the genes that are

expressed periodically within the cell cycle were determined using PLS (Johansson, 2003).

In PLS methodology, the independent “cause” matrix X and the dependent
“response” matrix Y are regressed and modelled simultaneously. The columns of these
matrices represent the variables (genes and metabolites in X and Y, respectively) and rows

represent the samples. The linear model is:

Y=XB+E (3.21)

where B is the regression vector and E is the residual matrix.

Projection of the original data set X to a new space with reduced dimensions is made
by the loading matrix (p) and the observations are represented by the score matrix (t) in the
new space. Decomposition of the data matrix X into the score matrix (t), the loading matrix

(p) and the residual matrix (e) is as follows:
X=tp'+e (3.20)
where the superscript “#” denotes the transpose of the matrix p. Columns of p and t

matrices correspond to the latent variables (LVs), which lie in the direction of the

maximum variation that remains in the data after removal of the variation explained by the
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previous LV. The residual matrix (e) represents the variation that remains unrepresented in

t and p matrices. Similarly, the response matrix Y is decomposed as:

Y=uq +f (3.22)

The score vectors (vectors of u) and the loading vectors (vectors of q) correspond to

LVs. The residuals are given by the f matrix. A linear inner relation also exists between

the matrices t and u, where u denotes the matrix of estimated values of u:

u=bt (3.23)

The optimal number of LVs to be included in the model depends on the amount of
variation explained by the LVs which are in descending order of the variation they explain.
One criterion for the selection of an optimal number of LVs is to set a threshold value for
the variation. Then, a sufficient number of LVs are included in the model to represent the
threshold variation, and the rest of the variation remains in the residual matrix. Cross-
validation is another criterion where the analysis is performed with a subset of the data
and the rest of the data set is used to determine the prediction power of the model. Then,
the number of LVs that results in minimum prediction error sum of squares (PRESS) is

selected.

3.2.10. GO Mapping

Gene Ontology mapping tools of Saccharomyces Genome Database (SGD) (Dolinski
et al., 2005) were used to analyse the biological processes that are significantly common

among products encoded by listed ORFs.

GO Slim mapping is composed of a subgroup of GO terms which represent only the
major branches of annotations while omitting the details. GO Slim mapping was used
whenever an overall picture of distribution of ORFs according to the processes was
needed. In order to elucidate the specific processes and functions of ORFs appearing in

shorter lists, GO Term Finder mapping was used.
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SGD GO Term Finder Tool provides the p-values of the distribution of the ORFs on
the ontology terms, however, GO Slim Mapping Tool reports the distribution only. The

following equation was used to calculate the p-values for GO Slim Mapping results:

n

n! : ,
= P — J 1_ ("‘/)
=X T -9

(3.24)

where ¢ = G/N

G: ORFs annotated to a specific term.
N: ORFs annotated to all terms.

n: ORFs in the list investigated.

x: ORFs in the list annotated to the specific term.



65

4. TRANSCRIPTIONAL REGULATION OF CENTRAL CARBON
METABOLISM

4.1. Experimental results

In this study, samples from S. cerevisiae cells grown in aerated nutrient limited
chemostats were collected and investigated. Two sets of data were collected. In the first
set, 8 chemostat runs were made to elucidate the effects of three types of perturbations on
S. cerevisiae cells. The 2° factorial experimental design was applied as described in
Section 3.2.2, and the perturbations were nutrient limitation (glucose vs ammonium
limitation), growth rate (D = 0.1 hr' vs D = 0.2 hr') and gene deletion (hoA/hoA vs
hap4A/hap4 A). Transcriptome and metabolite (ethanol and glucose) concentrations in
samples were analyzed via microarrays and enzymatic methods, respectively. Biomass
contents in the chemostat reactors were determined using optical methods (OD600).
Transcriptome profiles in this data set were analyzed using linear modeling followed by
GO mapping (Section 5). Metabolic data and transcriptome data were integrated using
PLS, and the ORFs mediating the effects of these perturbations on metabolic profiles were
revealed (Section 5). Novel functional annotations were made for unknown genes
significantly responding to perturbations reported both in this work and in literature using
correlation of mRNA profiles and GO mapping (Section 6). The transcriptome data were
further combined with data from various sources (protein-protein interaction, amino-acid
sequence similarity and shared transcription factors) for assigning novel annotations to

more than 500 unknown ORFs (Section 7).

In the second data set, only gene deletions were taken into consideration (hoA/hoA,
hap4A/hap4 A, besiAVbesl A,  oxalAoxalA,  ripl AviplA, HAP4/hap44, RIP1/riplA,
mbal A/mbal A, migl A/migl A, and MIGI1/miglA) and 10 chemostat runs were made. The
deletion mutants were grown under selected conditions (glucose limitation, D = 0.2 hr™).
Transcriptome and metabolome profiles were determined using microarrays and MS
respectively. Ethanol and glucose contents in chemostats were measured via enzymatic

methods and biomass content were obtained in terms of OD600. Transcriptome data were
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analysed by linear modeling followed by GO mapping, similar to the analysis of
transcriptome from the first data set (Section 5). Also, metabolic and metabolome data
were integrated with transcriptome using PLS to elucidate the ORFs that mediate the

changes in metabolic profiles (Section 5).

Transcriptome data from both sets were combined for investigation of regulation of

central carbon metabolism (Section 4).

4.2. Investigation of Transciptional Regulation of Pathways

In this section, the effects of deletion mutations and growth conditions on expression
of the genes encoding the central carbon metabolism enzymes of S. cerevisiae are
investigated. Homozygous deletion mutants of H4P4 and HO were grown under glucose
and ammonia limitation and at dilution rates 0.1 hr' and 0.2hr"'. HAP4, RIPI and MIGI
deletions were reported to have haploid insufficiency (Delneri, 2002), thus both
homozygous and heterozygous deletion mutants of H4P4, RIP1 and MIGI were grown
under selected conditions (glucose limitation at dilution rate 0.2hr™"). Only homozygous
deletion mutants of BCSI, OXAl and MBAI were grown under selected conditions.
Homozygous HO deletion mutants were used as reference strains, glucose limitation was
used as the reference growth medium and dilution rate 0.1hr" was used as the reference
growth rate. In Section 2.8 a literature survey on functions of the deleted genes is

presented.

240 genes encoding the central metabolism enzymes were selected from the complete
S. cerevisiae genome. The effect of each deletion or condition on the gene expression with

respect to reference deletion/condition was calculated using linear modeling.

A general picture of the central metabolism is given in Figure 4.1 with the expression
profiles of the selected genes. The statistical significance of the effects was not considered,
hence only the magnitudes of the effects are illustrated. Each part of the metabolism is
then investigated in detail, and comparison of the present results with the results from

literature is also provided.
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The deletions and conditions are given on the columns of the color-coded expression
boxes in each step of central metabolism in Figure 4.1. The genes involved in the
corresponding step of the metabolism are listed in the rows. Blue color indicates that the
gene given in the row is downregulated at the condition or deletion mutant specified at the
top of the column. Similarly, red color implies upregulation. Darker colors indicate strong
effects while lighter colors indicate weaker effects. The color scale can be considered as a

representation of fold changes as shown in Egs.4.1-4.

. 4.1
Fold change = LXPression(A) @
Expression(B)
Effect = log, [ Expression(4)] - log, [ Expression(B)] 4.2)
. 4.3
Effect = log,| Z2Pression(4) 43)
Expression(B)

where Expression(A) represents the average expression under condition A and

Expression(B) represents the average expression under condition B. Thus,
Effect = log, [F oldchange] (4.4)

In the color scale, effects with magnitude larger than |1| are represented by darkest
colors (red or blue) while intermediate effects between [1, -1] are represented by
intermediate colors. Similarly, the darkest colors (red or blue) on the scale represent
upregulation or downregulation more than 2-fold while fold changes between 1 and 2 are

represented with intermediate colors.
4.2.1. Phenotype of Deletion Mutants and Expression Profiles of Deleted Genes

Homozygous deletion mutants ho/hoA (reference strain), hap4A/hap4A,
oxalAloxalA, besiAbeslA, riplAviplA, miglA/miglA, and mbalA/mbalA and
heterozygous deletion mutants HAP4/hap44, RIPI/riplA and MIGI/miglA were
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investigated in this study. The heterozygous deletion mutants HAP4/hap4A, RIP1/riplA
and MIG1/miglA were selected because of haplo-insufficiency observed in these strains
(Delneri, 2004). In a diploid cell, heterozygous deletion (deletion of a gene from only one
allele) would be expected to cause no phenotype; however, insufficient concentration of
the gene product may cause inhibition of growth and cell division at normal rate, which

phenomenon is known as haplo-insufficiency (Oliver, 1999).

Homozygous deletions hap4A/hap4A, beslA/besl A, oxal AloxalA and ripl Avipl A
cause complete respiratory deficiency in S. cerevisiae cells (verified by inhibited growth
on ethanol, Appendix A). Heterozygous deletion mutants HAP4/hap4A and RIPI/ripl A
and homozygous deletion strain mbalA/mbalA have partial respiratory deficiency.
Homozygous and heterozygous deletions migl A/miglA and MIG1/miglA cause no growth
deficiency under the conditions investigated. The transcriptional response of central carbon
metabolism to heterozygous deletion of a gene is expected to be in the same direction as
the homozygous deletion of the gene. Homozygous and heterozygous deletion mutants of
HAP4 and MIGI1 exhibit this expected behavior in this study, however, exceptionally a
group of transport genes response in mutant R/PI/riplA but not in ripl AriplA (see the

discussion below).

A transcriptional regulation cascade is proposed for the genes whose deletion mutants
are used in this study. The present expression data given in color code in Figure 4.1A
imply the regulation cascade given in Figure 4.2. Red arrows indicate activation and blue
arrows indicate repression. Expression of each gene is very strongly downregulated in its
own deletion mutant, as expected; this behavior is not illustrated in Figure 4.2. Expression
of MIGI, MBAI and RIPI were downregulated in strains hap4/hap4A and HAP4/hap4A;
thus Hap4p may be an activator of MIGI, MBAI and RIPI expression. Activation of RIP]
is expected since Hap4p activates the expression of respiration genes and R/P/ has Hap4p
binding site. Activation of MIGI and MBAI expression may be “feedback control”,
because the presence of MIGI and MBAI genes in the genome is found to be repressing
respiration as will be discussed. Probably, MIG1 and MBAI expressions are activated by
Hap4p to repress the overexpression of respiration genes. MBAI has Hap4p binding site
but MIGI does not.
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Nucleus

Mitochondrion

Figure 4.2. Proposed regulation cascade (red: activation, blue: repression)

MIGI expression was downregulated in mbalA/mbalA deletion mutant and MBAI
expression was upregulated in miglA/migiA and MIGI1/miglA deletion mutants. Thus,
presence of Mbalp may activate MIGI expression and existence of Miglp may repress
MBAI expression. The deletions mbalA/mbalA, miglA/miglA and MIGI/miglA affect
other genes in the same direction. Consequently, activation of MIGI by Mbalp and
repression of MBAI by Miglp may be a feedback control loop to control the level of
regulation exerted by Miglp on the other genes.

Retrograde regulation is defined as the nuclear response to reduction of
mitochondrial function. Absence of Oxalp was reported by Lemaire et al. (2000) to be
inducing levels of two proteins participating in retrograde signaling from mitochondria to
nucleus (Pdr3p and Pdr5p), and OXA1 loci were found to be a negative regulator of PDR3
and PDRS5. The results of this study also verify that the expressions of PDR3 and PDRS are

induced in deletion mutant oxalA/oxalA (results not shown).

MIGI expression was downregulated in oxalA/oxalA deletion mutant. Main effect of
deletion oxalA/oxalA was found to be the downregulation of mitochondrially encoded
respiration genes in this work, and Oxalp was reported to be involved in membrane
insertion machinery (Stuart, 2002). These findings are irrelevant to the regulation of MIG1
expression. Moreover, if MIG1 expression was positively regulated by Oxalp, expression

profile of deletion mutant of oxalA/oxalAwould be expected to be similar to those of
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mutants miglA/miglA and MIG1/miglA. 1t is very probable that downregulation of MIGI
expression in oxalA/oxal A mutant is a false positive in terms of transcriptional regulation.
Similarly upregulation of MBAI expression in oxalA/oxalA mutant may be a false

positive.

In the strains with miglA/miglA and MIGI/miglA deletions, expressions of HAP4,
BCS1, OXAI, MBAI and RIP1 were upregulated, thus Miglp may be a repressor of these
genes. Only HAP4 is known to be regulated by Miglp. Repression of MBAI by Miglp
may be a feedback control loop as mentioned above. Repression of HAP4, BCSI, OXAl
and RIPI is expected since these genes are known to be respiration related. Similarly,
Mbalp may be a repressor of BCSI, OXAI and RIPI. It may also repress HAP4, but the
effect is weak. Probably, the repression is not directly done by Mbalp, but done through
activation of MIG1 expression by MBAI. Otherwise, high level of MBAI in migl A/miglA
and MIG1/miglA deletions would be adequate to cause downregulation of these genes.
However, these genes are upregulated in MIGI deletion, thus MIG1 should be needed to
apply the repression.

In the mutant ripl/A/riplA, expressions of BCSI and OXAI are upregulated. In the
mutants bcsiA/besiA and oxal AloxalA, OXAIl and BCSI expressions are upregulated
respectively. OXA1 and BCS1 expressions are upregulated by almost all deletions causing
respiratory deficiency; thus, their upregulation may be a result of respiratory deficiency but

not a result of absence of the deleted gene.

The last two columns of Figure 4.1A give the changes in gene expression as response
to medium and growth rate change. “NL wrt GL” column shows the response to
ammonium limitation as compared to glucose limitation. The glucose concentration is high
in ammonium limited media, thus the main effect of ammonium limitation on central

carbon metabolism is thought to be glucose-dependent.

HAP4, RIPI and MBAI expressions are downregulated when the glucose level is
high when compared to glucose limitation. This response may indicate the glucose

repression exerted on the expression of these genes by the ammonium limited media which
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has high glucose concentration. As may be seen in the last column of Figure 4.1A, RIP1
expression is upregulated at higher growth rate (0.2 hr') when compared to low growth
rate (0.1 hr'). The responses of other genes to medium and growth rate changes are

insignificant.

4.2.2. Various Regulators of Central Metabolism

The genes encoding proteins of HAP complex and genes that were reported to be

acting on carbon catabolite repression (Gancedo, 1998) are given in Figure 4.1B.

HAPI and HAP3 are upregulated by all deletions, while HAP2 and HAP5 are not
strongly affected by any deletion. Expressions of MSN2, MSN4 and REG1 are upregulated
by all deletions.

MIG2 and CYCS8 expressions may be activated by Oxalp while MIG2, MIG3 and
SIP4 may be activated by MBA 1. SIP4 may also be activated by BCS1.

GLC7 is upregulated by bcsiA/besiA, ripl A/ripl A, mbal A/imbal A, migl A/migl A
and MIG1/migl A deletions and downregulated by oxalA/oxalA deletion.

The deletions hap4A/hap4A, oxalAloxalA and mbal A/mbalA downregulate MIG2
and MIG3 expression. They are not affected strongly in strains migl/miglA and
MIG1/migl Abut are strongly upregulated by high glucose content. Mig2p and Mig3p have
aminoacid sequence similarity to Miglp, but they were reported to have limited or no
contribution to glucose repression (Gancedo, 1998). The results of the present study
demonstrate that MI/G2 and MIG3 may be transcriptionally regulated by Mbalp and may

be involved in glucose repression.

MIG1 expression is not affected under ammonium limitation while CAT and ADRI

expressions are strongly downregulated.

Growth rate change does not affect these regulators significantly.
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4.2.3. Hexose Transporters

Most of the hexose transporters are upregulated by deletions hap4A’hap4A (Figure
4.1C), even heterozygous deletion HAP4/hap4A upregulates their expression. Also many
of them are upregulated at heterozygous RIP1/rip1A deletion but are not downregulated by
homozygous riplA/viplA deletion. HXTS5, HXTY9, HXTI4 and HXTI6 are strongly
upregulated in hap4A/hap4A, HAP4/hap4A and RIP1/ripl A. This behavior is interesting
because these genes are not affected by homozygous rip/A/ripl A deletion. HXT3 is the
only hexose transporter that is upregulated at all respiratory deficient conditions. HX7?2 is
downregulated by deletions of mbalA/mbalA, miglA/miglA and MIGI/miglA, while
HXT10, 12 and 14 are downregulated by deletion of mbalA/mbalA only.

HXT1 and HXT3 are strongly upregulated in the presence of glucose (ammonium
limitation case) while HX76 and HXT7 are strongly downregulated. This behaviour
supports the hypothesis that HX7T1 and HXT3 are low-affinity glucose transporters that are
active when glucose concentration is high, and HX76 and HXT7 are high-affinity glucose

transporters that are active when glucose concentration is low (Ozcan and Johnston, 1999).

Increasing the growth rate upregulates HX72 and downregulates HX75 expression
strongly.

4.2.4. Glucose Signaling Pathway

The effect of the deletions on genes involved in glucose signaling pathway is not too
strong (Figure 4.1D). Most of these genes are affected positively from the deletions, which
may indicate that these genes are slightly downregulated by the presence of the deleted
genes. An exception is RGT2, which is downregulated by mbal A/mbal A, migl/miglA and
MIG1/miglA deletions, RGT2 may be activated by products of these genes. Another
exception is SKS/ which may be activated by Oxalp. High glucose level in ammonium
limited medium downregulate SNF3 and MTH1 expression, while the expression of STD]
is strongly upregulated. Change in growth rate does not have a significant effective on

these genes.
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4.2.5. Galactose Pathway

GALI exhibits similar behavior to some of the hexose transporters summarized
above; it is strongly upregulated by hap4A/hap44, HAP4/hap4A and heterozygous
RIP1/riplA deletions (Figure 4.1E). It is downregulated by mbalA/mba lA, migl A/miglA
and MIG1/miglA deletions. PGM2 (GALS) expression is upregulated in deletion mutants
that are used in this study, except for heterozygous RIP1/riplA deletion. GALI1 is also

upregulated by all deletions. Other genes are not strongly affected from the deletions.

PGM?2 and GAL4 are downregulated when glucose level is high. Other genes are
either upregulated at ammonium limitation or do not respond. LAP3 (GAL6) is upregulated
more significanty then others. Increase in the growth rate downregulates GAL/ and PGM2

while upregulating GAL10.

4.2.6. Glycerol metabolism

All genes on glycerol metabolism pathway (Fig 4.1F) are upregulated in respiratory
deficient mutants (except for GUT2 which is not upregulated by oxalA/oxalA deletion).
GUTI may be strongly downregulated by MBAI and MIGI while RHR2 (GPPI) is
strongly activated. RHR?2 is upregulated when glucose level and grow rate are high, while
GUTI, GUT2 and HOR2 (GPP2) are either downregulated or unchanged by these
conditions. Rhr2p and Hor2p catalyze production of glycerol, contrary to Gutlp and Gut2p

which catalyze the reactions in metabolism of glycerol.

Deletion of tpil A, gutl A and gut2A were reported to cause growth deficiency on non-
fermentable carbon sources, which indicate respiratory deficiency; on the contrary, rhr2A
(gpp14) deletion mutant was reported to exhibit growth deficiency on fermentable carbon
sources (Steinmetz et al., 2002). RHR2 was also reported to be upregulated at anaerobic
conditions while HOR2 expression was not affected (Pahlman et al., 2001). Thus, Rhr2p,
an isoform of DL-glycerol-3-phosphatase Hor2p, enables metabolism of glycerol when

glucose repression or anaerobic conditions apply. Under these conditions, fermentation
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dominates the metabolism and induction of Rhr2p indicates that it is needed for
metabolism of glycerol when these conditions apply. Consequently, its deletion is expected
to cause growth defect on fermentable substrates. The response 7PI/ was insignificant in

present gene deletions and conditional changes.

4.2.7. Lactate Metabolism

All genes from lactate metabolism except DLD2 are upregulated in respiratory
deficient mutants (Figure 4.1G). JENI, which is a lactate transporter is also affected from
heterozygous RIPI/riplA deletion but not from heterozygous HAP4/hap4A deletion,
similar to previously discussed transporters. This gene is also upregulated by
mbalA/mba 1A, miglA/miglA and MIGI/miglA deletions. CYB2 is also upregulated by
mbalA/mbal A, migl A/migl A and MIG1/migl A deletions while DLD3 is downregulated by
mbal A/mba IA and migl A/migl A deletions.

DLDI-2-3, D-lactate dehydrogenases converting lactate to pyruvate, are upregulated
at higher growth rate and DLD3 is also upregulated by high glucose level in ammonium

limited conditions. Dkd1p and D1d2p are mitochondrial and DId3p is cytosolic.

CYB2 expression is downregulated by glucose and anaerobic conditions (Lodi, 1991)
and Cyb2p is located in mitochondria. JEN/ is a lactate transporter which is required for
uptake of lactate and pyruvate; its expression is derepressed by transcriptional activator
Cat8p under nonfermentative growth conditions and downregulated in the presence of
glucose, fructose, and mannose (Haurie, 2001). JENI and CYB2 are downregulated when
glucose level is high in the present data, and this result is in agreement with Lodi et al.,

(1991) and Haurie et al., (2001)
4.2.8. Glycolysis
The genes encoding the glycolysis enzymes are generally downregulated in

respiratory deficient mutants, though this effect is weak for most of them (Figure 4.1H).
Expressions of GLKI, HXKI, HXK2, FBPI, FBP26 and PYK2 are upregulated by
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mbalA/mbalA, migiA/migiA and MIGI/miglA deletions. PFK27 expression is
downregulated by oxalAoxalA, migl A/miglA and MIG1/migl A deletions.

Deletion mutants of hxk2A, pfklA, pfk2A and tdh3A were reported to be growth
deficient on fermentable carbon sources, while fbplA deletion was reported to be growth

deficient on non-fermentable carbon sources (Steinmetz et al., 2002).

Expressions of GLKI, HXKI and PCKI are downregulated at high glucose levels
under ammonium limited conditions, while other genes are either unchanged or
upregulated when glucose level is high. Thus, glucose repression is effective only on
GLKI, HXKI and PCKI expressions in the present results. FBP26, ERR3 and PCKI
expressions are downregulated at the higher growth rate, while other genes are either

unchanged or upregulated.

4.2.9. From Pyruvate to Acetaldehyde

These genes are not strongly affected from the deletions and growth rate change.
PDCI and PDC5 expressions are upregulated in respiratory deficient mutants (Figure
4.11). PDC6 is downregulated by heterozygous HAP4/hap4A and homozygous
mbalA/mbal A deletions.

All genes encoding the proteins catalysing production of acetaldehyde from pyruvate
are upregulated when glucose level is high, which is an expected response. Production of

acetaldehyde from pyruvate may indicate that fermentation dominates the metabolism.

4.2.10. From Acetaldehyde to Ethanol

The genes encoding the alcohol dehydrogenases that catalyse the production of
ethanol from acetaldehyde are generally upregulated by the deletions and higher growth
rate (Figure 4.1J). ADH2 expression was stongly upregulated in respiratory deficient
mutants; ADHI, ADH5, ADHS5 and STF1 expression are also upregulated in respiratory
deficient mutants. ADHI deletion was reported to be growth deficient on fermentable

carbon sources (Steinmetz et al., 2002).
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ADH?2 and ADH6 were strongly downregulated when glucose level was high while
ADH4 was strongly upregulated, which may indicate that ADH4 is the active isoform in

cells under glucose repression while ADH2 and ADH6 are inactive.

4.2.11. From Acetaldehyde to Acetate

ALD4 and ALDS5 are mitochondrial aldehyde dehydrogenases, while others are
cytosolic (Figure 4.1K). ALD3 and ALD4 are upregulated in respiratory deficient mutants
and downregulated when glucose level is high. The other genes are not strongly affected
by the deletions. ALD? is upregulated when glucose level is high and downregulated by
high growth rate.

ALDG deletion was reported to be growth deficient on fermentable carbon sources
(Steinmetz et al., 2002). ALD2 and ALD3 were defined as stress inducable and glucose

downregulated (Navarro-Avino et al., 1999).

4.2.12. From Acetate to AcCoA

These genes act on the pathway from acetate to AcCoA (Figure 4.1L). ACSI is very
strongly upregulated in respiratory deficient mutants and downregulated when glucose
level is high. ACSI deletion was reported to be growth deficient on non-fermentable

carbon sources (Steinmetz et al., 2002).

4.2.13. From Pyruvate to AcCoA

The components of the enzyme complex that catalyses the reaction from pyruvate to
AcCoA is not strongly affected from the deletions (Figure 4.1M). PDAI and PDBI are
upregulated by almost all deletions, including upregulation in respiratory deficient mutants.
These genes were not significantly affected from ammonium limitation or growth rate
change. Deletion mutants of these genes were reported to be growth deficient on non-

fermentable carbon sources (Steinmetz ef al., 2002).
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4.2.14. Glyoxylate Cycle

PYCI, CIT2 and PCK] are upregulated in respiratory deficient mutants, although the
effect is not too strong for PYCI. CIT2, encoding the enzyme for production of citrate from
oxaloacetic acid, is upregulated when glucose level is high and downregulated by

mbal A/mba 1A and migl A/migl A deletions (Figure 4.1N).

Both MLSI and PCKI exhibit the behavior of transporters discussed above. In

addition, they are downregulated when the glucose level and growth rate are high.

Deletion mutants pck/A and milslA were reported to be growth deficient on non-
fermentable carbon sources (Steinmetz et al., 2002). PYCI and PYC2 are both cytosolic
pyruvate carboxylases producing oxaloacetic acid from pyruvate, however, their regulation

differs from each other (Brewster et al., 1994).

4.2.15. TCA Cycle

Most of the genes encoding enzymes of TCA cycle are upregulated in respiratory
deficient mutants, the only exception is MDHI, whose expression is downregulated by

hap4A/hap4 A, HAP4/hapA and oxal Aloxal A deletions (Figure 4.10).

The TCA cycle genes are also upregulated by MIGI/migiA and migl/miglA
deletions and downregulated at high level of glucose except for /DPI and IDH2, which is
upregulated at high level of glucose. IDP2 is downregulated at high growth rate, all the

other genes are either unchanged or upregulated by the growth rate.

Deletion mutants of most of these genes were reported to be growth deficient on non-

fermentable carbon sources (Steinmetz et al., 2002).

4.2.16. Respiratory Chain Complex I

Ndelp and Nde2p are cytosolic isoenzymes of Ndilp which replaces the Complex I
in S. cerevisiae (Figure 4.1P). NDE?2 is upregulated by all deletions, while the others are
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upregulated by migl A/miglA and MIG1/migl A deletions and downregulated by high levels
of glucose. NDII is also upregulated by mbalA/mbal A deletion. NDII and ACP1 may be
activated by Hap4p.

Deletion mutant ndil4 was reported to be growth deficient on non-fermentable

carbon sources (Steinmetz ef al., 2002).

4.2.17. Respiratory Chain Complex II

SDHI-4, the genes encoding the components of Complex II (succinate
dehydrogenase), are  upregulated by  mbalA/mbald,  miglA/migliA  and
MIG1/miglA deletions and downregulated by hap4A/hap4A  deletion and high glucose
level (Figure 4.1Q).

The genes other than SDHI-4 are reported to be related to Complex II activity by
KEGG database, their expression behavior is different from the well-known components
SDHI-4. TCM62 gene encodes a chaperone necessary for the assembly of the
mitochondrial succinate dehydrogenase (Dibrov et al. 1998). Products of YMRIISc,
YJLO45w and YLR 164w have amino-acid sequence similarity to Sdh1-4p.

YMRI118C was reported to have specifically higher expression in carbon limited
chemostat cultures versus carbon excess (Boer ef al., 2003), indeed, it was downregulated
in high glucose medium in present study. YMRII8C behaves similar to transporters
strongly upregulated by hap4A/hap44, HAP4/hap4A and heterozygous RIPI1/riplA
deletions. Also YJL045w and YLRI64w expression also exhibit the similar behavior but

inductions are not strong.

The four deletion mutants sdhl1-4A was reported to be growth deficient on non-
fermentable carbon sources (Steinmetz et al, 2002). Deletion mutants of all protein

complexes in respiratory chain was reported to be respiratory deficient by Steinmetz et al.

(2002).
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4.2.18. Respiratory Chain Complex IIT

All Complex III genes may be activated by Hap4dp, except for COB, the
mitochondrially encoded cytochrome b (Figure 4.1R). COB is upregulated by
hap4A/hap4A and bes1A/bes 1A deletions and downregulated by oxal A/oxal A deletion and
high growth rate. oxalA/oxalA deletion also downregulates some of the nuclearly

encoded components.

Most Complex III compoenents are upregulated in mbalA/mblaA, migl A/miglA and
miglA strains and downregulated when glucose level is high. CORI and CYTI are
downregulated by bcsIA/bes1A deletion and QCR7 and QCR9 may be downregulated by
ripl Aripl A.

4.2.19. Regulation of Respiratory Chain Complex III

The genes that are proposed to be involved in regulation of Complex III are given in

Figure 4.18S. They are generally upregulated by deletions and high growth rate.

CBPI behaves similar to transporter genes, it is upregulated by hap4A/hap4A,
HAP4/hap4A and heterozygous RIP1/ripl A deletions.

CBP2 is upregulated in respiratory deficient mutants and mbalA/mba A,
miglA/miglA and MIG1/miglA deletions, CBRI behaves similar to CBP2. CBP4 is

downregulated when glucose level is high.

4.2.20. Cytochrome c Related Genes

Cyclp and Cyc7p are isoforms of cytochrome c. Cyc3p is holocytochrome-c
synthase. Ccplp is cytochrome-c peroxidase precursor. Cyc2p is cytochrome-c
mitochondrial import factor. These genes are all upregulated by mbalA/mbaliA,
migl A/migl A and MIG1/miglA deletions (Figure 4.1Y).
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CYCI and CCPI are downregulated when glucose level is high and upregulated by
higher growth rate. CYC7 and CCPI are strongly upregulated in respiratory deficient

strains, CYC7 is downregulated when glucose level is high.

CYCI exhibits the opposite behavior of some transporters discussed above. It is
upregulated by mbalA/mbald, miglA/migiA and MIGI1/miglA deletions and

downregulated when glucose level is high.

4.2.21. Respiratory Chain Complex IV

These genes encode the components of Complex IV.1. COX1, COX2 and COX3 are
mitochondirally encoded, and they are all downregulated by oxalA/oxalA (Figure 4.1T).

COX2 behave similar to some transporters which are upregulated by hap4A/hap4A4,
HAP4/hap4A and heterozygous riplA deletions. In addition, mbalA/mbal A, migl A/miglA

and MIG1/migl A deletions downregulates expression of COX2.

The other components, which are nuclearly encoded, are downregulated by
hap4A/hap4A and high glucose level; upregulated by mbalA/mbalA, miglA/miglA and
MIG1/migl A deletions except for COX5B.

COX5Bp is the aneorobic isoform of COX5Ap and COX5B expression is upregulated

in respiratory deficient mutants.

COXI and COX3 are downregulated while COX7 and COX9 upregulated by
bcs1A/bes1 A deletion.

4.2.22. Regulation of Respiratory Chain Complex IV

The genes that are proposed to have a regulatory action on Complex IV are given in

Figure 4.1U.
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COXI10 and COXI15 are upregulated in hap4A/hap4A deletion in addition to being
upregulated in other respiratory deficient strains. They are also upregulated by

mbalA/mba A, migl AVmiglA and MIG1/miglA deletions.

COX14 is very strongly upregulated by mbalA/mbalA and oxalAloxalA deletions.
SCO2 is strongly downregulated by oxalA/oxalA though it is not mitochondrially

encoded.

COX17 is downregulated by hap4A/hap4A and beslA/besiA deletions and high
glucuse level. COX18 and SCO] are downregulated by hap4A/hap4 A deletion.

COX10-15, PETI00, PETI23 and PETI2] are upregulated by mbalA/mbalA,
ripl Aripl A and oxal A/oxal A deletions similar to COX14, although the effect is weaker.

migl A/migl A, MIG1/migl A, mbal A/mbal A, ripl AviplA and oxal A/oxalA deletions

generally induce expression of these genes.

4.2.23. Respiratory Chain Complex V

Mitochondrially encoded 44API is downregulated by almost all deletions (Figure
4.1V). Other mitochondrially encoded components, ATP6 and OLII are downregulated by
oxal/oxal A deletion. ATP6 is also downregulated by mbal A/mbalA deletion.

The other components, which are nuclearly encoded, are downregulated by
hap4A/hap4A. Some are also downregulated by besIA/besiA and some are upregulated by
ripl A/ripl A. Most of nuclear genes are upregulated by mbalA/mbalA, migl A/miglA and
MIG1/migl A deletions.

High glucose level generally downregulate these genes, A7P6 and ATP19 are also
downregulated by high growth rate. ATP/9 is also downregulated by oxalA/oxalA

deletion though it is a nuclearly encoded gene.
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4.2.24. Regulation of Respiratory Chain Complex V

The genes that are proposed to have role in regulation of Complex V are given in
Figure 4.1W. All of them are generally upregulated by the deletions except for ATPI1,
which is dowregulated by hap4A/hap4A deletion. STF1 and STF2 were downregulated

when glucose level is high which may indicate that they are subject to glucose repression.

4.3. Clustering of Genes Involved in Central Carbon Metabolism

As discussed above, the response of the genes to deletions and conditions vary even
for the genes involved in the same pathway or same protein complex. Hierarchical
clustering is applied to illustrate the genes with similar expression profiles as neighbors.
The hierarchical tree is given on the left and the expression profiles are given on the right
side in Figure 4.3. Clustering by self organizing maps (SOM) is applied to find the
expression motifs common among the genes from central metabolism of yeast. In Figure
4.4, the average expression of the genes in each cluster is given with the confidence
intervals. Almost each cluster has a distinct expression motif (Table 4.1), biological
significance of each motif is discussed below. Distribution of the genes in each cluster to

metabolic pathways are given in Table 4.2.

Table 4.1. Expression motifs in central carbon metabolism

Cluster | Expression Motif

0 Upregulation when glucose level is high

1 Downregulation by mbalA/mbal A, migl A/migl A and MIG1/migl A deletions.

2 Upregulation by hap4A/hap4A, HAP4/hap4A and RIP1/riplA deletions.

3 Downregulation by oxalA/oxalA deletion

4 Upregulation in respiratory deficient mutants and high growth rate

5 Upregulation in respiratory deficient mutants, downregulation when glucose
level and growth rate are high.

6 Downregulation by hap4A/hap4A deletion and high glucose level.

7 Downregulation by hap4A/hap4A deletion and high glucose level.

8 Downregulation when glucose level is high




Figure 4.3. Hierarchical clustering of central carbon metabolism genes
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Table 4.2. Distribution of the central metabolism genes on the clusters
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Pathways Clusters | 0 1 2 3 4 5 6 7 8
(Genes) (Genes) | (22) | (23) | (24) | (18) | (17) | (17) | (43) | (33) | (43)
Hexose transporters (13) 3 1 7 - - - - - 2
Glucose signaling pathway (18) | 4 1 3 - 1 - 2 1 6
Glycolysis (24) 3 10 |2 2 1 2 - - 4
Galactose metabolism (11) 2 1 3 1 1 1 2 - 1
Glycerol metabolism (5) - 2 - - - 1 - - 2
Lactate metabolism (5) - 1 - - 2 - - - 2
Acetaldehyde from pyruvate (4) | 2 2 - - - - - - -
Ethanol from acetaldehyde (8) 1 - - - 2 2 1 - 2
Acetate from acetaldehyde (5) 1 1 - 1 - 1 - - 1
AcCoA from acetate (2) - - - - - 1 - - 1
AcCoA from pyruvate (5) - - 1 1 1 - - - 2
Glyoxylate cycle (5) 1 1 1 1 - 1 - - -
TCA cycle (18) - - - - 5 3 2 3 4
Cytochrome c related (5) - - - - - - 2 1 2
Complex I (4) - - - - - 1 1 1 1
Complex II (8) - - 1 - - 2 1 4 -
Complex III (10) - - - 1 - - 3 5 -
Regulation of Complex III (13) | 1 - 1 - 1 - 1 5 2
Complex IV (12) - 1 1 2 - - 7 1 -
Regulation of Complex IV (19) | 2 - 2 2 1 - 3 8 1
Complex V (18) - - 1 3 - - 12 |2 -
Regulation of Complex V (10) | - - - 1 1 - 2 2 4
Regulators of Central | 2 1 1 2 - 2 1 - 6
Metabolism (15)

Deleted genes (6) - 1 - 1 1 - 3 - -
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Figure 4.4. Centroids of clusters of central metabolism genes.
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Figure 4.5. Analysis of expression levels of genes in Cluster 0
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In Figure 4.5, the genes placed in Cluster 0 are shown, their common feature is being
upregulated when glucose level is high. These genes encode three hexose transporters, four
proteins from glucose signaling pathway, three enzymes of glycolysis, two pyruvate
decarboxylases producing acetaldehyde, four regulators of galactose and central
metabolism. It may be concluded that glucose repression caused by ammonium limited

conditions activate these pathways, which generally lead to fermentation.
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Figure 4.6. Analysis of expression levels of genes in Cluster 1

The genes shown in Figure 4.6 are placed in cluster and they are generally
dowregulated by mbalA/mbalA, migl A/miglA and MIGI1/miglA deletions. Also RGTI
from Cluster 0 could have been placed in this cluster. Except for MIGI, the members of
this cluster are generally upregulated in respiratory deficient strains (first four columns in
Figure 4.6 represent the deletion that cause respiratory deficiency) and ammonium
limitation. Genes encoding 10 out of 24 TCA cycle enzymes are placed in Cluster 1. Also

genes encoding two pyruvate decarboxylases producing acetaldehyde and two enzymes in
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glycerol metabolism are in this cluster. Generally this cluster indicates that the pathways
leading to fermentation are upregulated in respiratory deficient mutants and in high glucose
concentration (ammonium limitation) while they are dowregulated by mbalA/mbalA,

migl A/miglAand MIG1/migl A deletions.
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Figure 4.7. Analysis of expression levels of genes in Cluster 2.

In Figure 4.7, genes in Cluster 2 are shown. 7 of the 13 genes encoding hexose
transporters are placed in this cluster. Also three genes from glucose signaling pathway,
two genes from glycolysis, three genes from galactose metabolism and two genes encoding
regulators of Complex IV are placed in this cluster. Expression profiles have an interesting
motif in this cluster, hap4A/hap4A, HAP4/hap4A and RIP1/ripl A deletions upregulate the
expression of these genes. Also most of them are downregulated at high growth rate. This
behavior is referred to as “behavior of transporters” throughout this study, however no

biological reasoning can be made.



89

hap4hapd
oxalfoxal
bzl ozl
rip Jripn

hap4
mbal imbal

migy1 fmigy1

mig1

RIL wert GL
0.2 wrt 0.1

Figure 4.8. Analysis of expression levels of genes in Cluster 3

As it may be seen on Table 4.2 and Figure 4.8, six of the seven mitochondrially
encoded genes in respiratory chain are placed in Cluster 3. These genes were strongly
downregulated by oxalA/oxalA deletion. The other genes placed in this cluster are
distributed to various pathways, five of them encodes either components or regulators of

respiratory chains. Regulators CYCS8 and GLC7 are also in this cluster together with OXA 1.

Oxalp is a protein involved in mitochondrial localization of proteins, however

present results clearly indicate that it is involved in regulation of mitochondrially encoded

respiratory chain components.

The genes placed in Cluster 4 are given in Figure 4.9. These genes are generally
upregulated in respiratory deficient mutants and high growth rate. Products of five of these
genes are involved in TCA cycle, catalyzing the reactions from citrate to a-ketoglutarate.
These reactions in TCA cycle were previously reported to be induced in respiration
deficiency to compensate the need for glutamate precursor a-ketoglutarate (Butow and
Avadhani 2004). Also four enzymes from lactate metabolism and ethanol production

pathways are placed in this cluster. Thus, it may be concluded that respiration deficiency
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and high growth rate cause these induction of pathways leading to ethanol and to glutamate

through a-ketoglutarate.

hap4hapd
oxal foxal
bosl ozt
mbat imbat
micy1 fmig1

.mig1

ML wert GL
0.2 wert 0.1

SMF11
FFH2
Sk
LAT1
CBT1
FPET122
ATh1
hiEA1

Y L2002

Figure 4.9. Analysis of expression levels of genes in Cluster 4
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The genes from Cluster 5 (Figure 4.10) have a significant expression motif, these
genes are upregulated by all gene deletions, downregulated when glucose level is high and
high growth rate. These genes are distributed to many pathways like glycolysis, ethanol
production, TCA cycle. This cluster is a variant of Cluster 4, differing only in responses to

growth medium and growth rate.

In Figure 4.11, the genes placed in Cluster 6 are given. Genes in this crowded cluster
are generally downregulated when glucose level is high, downregulated by hap4A/hap4 A
and bcslA/besiAdeletions while upregulated by mbalA/mbalA, miglA/miglA and
MIG1/miglA deletions. These genes encode either components or regulators of respiratory
chain. The deleted genes HAP4, BCSI and RIPI are also placed in this cluster. Thus, it
may be concluded that respiratory chain complexes are activated by HAP4 and BCSI while
being downregulated by high glucose levels, MIGI and MBAI genes. BCSI effect is not
apparent for the genes shown in the upper part of Figure 4.11, these genes encode the
regulators of the respiratory chain. Thus, probably BCS! is not effective on expression of

the regulatory proteins but effective only on the components.

Cluster 7 given in Figure 4.12 is a variant of Cluster 6. Similarly, genes from
respiratory chain dominate this cluster. Most of the genes given on the upper part (genes
encoding the regulators) are not downregulated by hap4A/hap4A deletion and they are
generally upregulated in respiratory deficient mutants. The genes located in bottom part of
the cluster are components of the respiratory chain and downregulated by hap4A/hap4A,
they are not significantly upregulated in respiratory deficient mutants. All genes in the
cluster are upregulated by mbalA/mbalA, miglAVmiglA and MIG1/miglA deletions and
downregulated when glucose level is high. Similar to Cluster 6, this cluster demonstrates
that respiratory chain is activated by Hap4p, downregulated by glucose, Miglp and
Mbalp.
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Figure 4.12. Analysis of expression levels of genes in Cluster 7

In Figure 4.13, genes in Cluster 8 are given. This crowded cluster contains the genes
downregulated when glucose level is high and upregulated by almost all gene deletions.
Regulatory proteins constitute a big group in this cluster. Almost all pathways have 1 to 6
members in this cluster except for respiratory chain complexes. Thus, all the central paths
respond to respiratory deficiency, high glucose level, mbalA/mbalA, migl A/miglA and
MIG1/migl A deletions in the same direction: they are upregulated.
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4.4. General Discussion of Effects of Deletions on Central Carbon Metabolism

The investigation of gene expression in deletion mutants resulted in interesting

findings on regulation of central metabolism of yeast cells.

1. Most of the genes from respiration chain are downregulated by absence of
hap4A/hap4A deletion. Thus, it is verified once more that Hap4p activates the genes
from respiration chain. However, the genes involved in regulation of respiratory

chain are not affected from hap4A/hap4A deletion.

2. Heterozygous deletion HAP4/hap4A generally causes a similar but weaker effect at

the same direction when compared to the homozygous deletion hap4A/hap4 A.

3. Generally, homozygous ripl/A/riplA deletion either has no effect or causes some
induction in the expression of the other genes. The induction of a gene in RIPI/ripl A
deletion mutant is generally accompanied by induction of that gene in the other
respiratory deficient strains. Probably, Riplp has no regulatory effect, however, it

affects many genes through causing respiratory deficiency.

4. bcslA/besiA deletion is effective on several components of Complex IV and V, but
no pathway is generally effected from bcsiA/beslA deletion. RIPI expression is not
affected from bcsiA/besiA deletion, thus Beslp regulation on RIPI should be post-
transcriptional. Probably, Bcslp has no regulation effect on transcription, but its

deletion induces many genes since respiratory deficiency has global effects.

5. Complete respiratory deficiency upregulates many pathways from carbon central

metabolism.

6. mbalA/mbalA deletion mutants behave similar to migl/A/miglA deletion mutants.
Heterozygous MIG1/migliA deletion generally causes the same effect with the

homozygous deletion.
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Absence of MIGI and MBAI induces most of the genes in central pathways. Thus,
Miglp and Mbalp may be repressing both ethanol production and respiration. Only a

few genes are strongly downregulated by their deletion.

Respiration deficiency induces many pathways, this may be an attempt of the cells to
adapt to this severe deficiency. Glycolysis, glycerol metabolism, pathways from
pyruvate to AcCoA, from acetaldehyde to ethanol, from acetaldehyde to acetate,
acetate to AcCoA, TCA and glyoxylate cycles, regulation of Complex III and V are
upregulated when the cells can not respire. Pathways producing ethanol and glycerol
are strongly activated. First three steps of the TCA cycle are also activated to produce

a-ketoglutarate, which is the precursor for glutamate production.

Ammonium limitation has a strong effect on central metabolism, probably because of
the high glucose concentration in ammonium limited medium. The respiratory chain
is generally downregulated while galactose metabolism and glycolysis are
upregulated. Production of acetaldehyde from pyruvate is also upregulated which
may indicate that glucose repression causes the carbon source to be utilized by

fermentation.

oxal/oxalA deletion downregulates the mitochondrially encoded proteins of

respiratory chain. Thus, Oxalp may be a transcriptional activator of these genes.

The last point to be mentioned is the induction of some genes by hap4A/hap4A,
HAP4/hap4A and RIP1/riplAdeletions. These genes are not affected from
homozygous deletion riplA/riplA. They are mostly genes of hexose transporters,
glucose signaling pathway, glycolysis and galactose pathways. Some genes from
Complex I and II, and regulation of Complex III, also exhibit this interesting

behavior.
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5. INTEGRATION OF TRANSCRIPTOME AND METABOLOME

5.1. Modelling Expression Levels of ORFs and PCA

Linear modeling was used as a filtering tool to eliminate the ORFs with insignificant
expression changes in response to the perturbation factors (growth medium, growth rate
and gene deletion). Mean centered and scaled (unit variation) expression levels of 6361
ORFs were modelled and p-values were calculated to decide on the significance of the
effects of the factors selected on the expression of the ORFs. For most of the ORFs, the
constructed models did not predict a variation more significant than the expected level of
random error, thus these ORFs were not included in further analyses. A relatively high p-
value of 0.1 was used as the threshold, in order to include all ORFs that may possibly be
affected by the three factors considered in the study.

638 out of 6361 models estimated that at least one of the factors was affecting the
expression of the modelled ORF. The growth medium is the most effective factor in
expression of most of the ORFs (56.3 per cent), followed by dilution rate (33.3 per cent),

while gene deletion is the most effective factor for only 10.5 per cent of the ORFs.

The transcriptome data from all ORFs and the 638 ORFs were analysed separately
using PCA. In Table 5.1, variations represented by the principle components (PC) are
given in percentages. First three PCs represent most of the variation in filtered
transcriptome data while more PCs should be included in the unfiltered data to represent
more variance. The PCA of unfiltered data hardly distinguishes the samples from different
conditions (Figures 5.1A and B). First PC distinguishes the samples from different media
and second PC distinguishes the samples from different dilution rates (Figure 5.1C). Third
PC distinguishes the samples from different deletion mutants (Figure 5.1D). These results
prove that filtering of genes with insignificant response to perturbations via linear

modelling removes most of the noise in transcriptome data.



Table 5.1. Per cent variation explained by PCs

Unfiltered Data

Filtered Data
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PC Per cent Cumulative per | PC Per cent Cumulative per
variation cent variation variation cent variation
1 27.9 27.9 1 49.1 49.1
2 21.5 49.5 2 31.3 80.4
3 15.4 64.9 3 11.7 92.0
4 13.8 78.7 4 2.5 94.6
5 9.7 88.4 5 2.2 96.8
6 6.5 94.8 6 1.8 98.6
7 52 100.0 7 1.4 100.0
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Figure 5.1. Scores of transcriptome data on first four PCs. A-B: PCA on complete

transcriptome profile. C-D: PCA on filtered transcriptome profile.
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5.2. Integration of Metabolic and Transcriptomic Data

The biomass concentrations obtained in chemostats operating at steady state are
presented in Figure 5.2, together with the glucose consumption and ethanol production
rates. The eight different conditions were selected on the basis of a factorial experimental
design (Tables 3.9 and 3.10). The glucose consumption and ethanol production rates were
found to increase with ammonium limitation, hap4A/hap4A deletion, and increasing
dilution rate. Biomass concentrations, on the other hand, do not follow a similar trend; they
decrease with increasing dilution rate. Under ammonium limitation, the biomass
concentrations of hap4A/hap4A deletion mutants are only slightly higher than those of

hoA/hoA deletion mutants.
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Figure 5.2. Biomass and metabolic data.

In order to model the metabolic data as a function of the transcriptome data, and to
identify the ORFs that mediate the effects of the perturbations, partial least squares (PLS)
method was applied to the transcriptome of 638 ORFs (X) and metabolic data (Y).
Dimensions of the matrices X and Y were 8 x 638 and 8 x 3, respectively and both

matrices were mean-centered and scaled to variance 1 prior to PLS regression. In Table
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5.2, variations represented by the latent variables (LVs) are given in percentages. More

than 80 per cent of the variations in both data sets are represented by the first two LVs.

Cumulative prediction error sum of squares (PRESS) are plotted to evaluate the
prediction power and limitations of the constructed model (Figure5.3). A ‘leave-one-out’
procedure was used in PRESS calculations; i.e., in each step, one of the samples was not
included in the model and metabolic profile of the left-out sample was predicted using the
model constructed; then the prediction error of that sample was calculated, and the

procedure was repeated until all samples had been left out once.

The model with two LVs gave the minimum cumulative PRESS for all three
response variables i.e., biomass concentration, glucose consumption and ethanol
production rates (Figure5.3). When the third LV was included, the cumulative PRESS
increased, indicating that the prediction power of the model was not improved. However,
the fourth LV did improve the model and explained some of the variance, therefore, LV3
and LV4 were included in the following interpretation. The observation of high biomass
cumulative PRESS values for all the LVs indicated a low prediction power of the model

for the biomass.

Table 5.2. Proportion of the variation explained by each latent variable

LV | Per cent variation Cumulative per Per cent Cumulative per cent
X) cent variation (X) | variation (Y) variation (Y)
1 48.9 48.9 63.3 63.3
2 31.3 80.2 28.5 91.8
3 7.9 88.2 3.7 95.5
4 6.1 94.2 3.2 98.7
5 2.0 96.3 1.2 99.9
6 2.3 98.5 0.1 100.0
7 1.5 100.0 0.0 100.0
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Figure 5.3. Cumulative prediction error sum of squares (PRESS) for biomass

concentration, glucose consumption and ethanol production rates.

In order to see whether the distribution of the samples is linear according to Eq.3.23,
the scores for the transcriptome (t) and the metabolome (u) on each LV were plotted
against each other (Figure 5.4). Distribution of the scores around the fitted lines for LVs 1,
2 and 4 are quite good, thus the modeling capabilities of these LVs are satisfactory
(Figures 5.4A, B and D, respectively), whereas the distribution of scores on LV3 is quite
scattered, indicating a weakness of the prediction power of the model for variation of the

metabolic data represented by LV3.

Scores of the transcriptome (t) and the metabolome (u) on the first four LVs are
plotted in Figures 5.5 and 5.6, respectively. The first two LVs separate the samples taken
from the different media and dilution rates (Figures 5.5A and Fig 5.6A). The highest
variation (48.9 per cent of X and 63.3 per cent of Y), which is represented by LV 1 in Table
5.2, is due to the medium factor and this is followed by the variation in LV2 (31.3 per cent
of X and 28.5 per cent of Y) which is due to the dilution rate.

hap4A/hap4A deletion mutants resulted in positive scores on LV4 under all
conditions (Figure5.5B and Figure5.6B). hoA/hoA deletion mutants, on the other hand,

have negative scores on LV4, with the exception of one sample (ko G/ in Figure 5.5B and
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ho G2 in Figure 5.6B with slightly positive scores for the transcriptome and metabolome,

respectively).

The samples from ammonium limitation score positively on LV1 (Figure 5.5A), and
the response levels (Y values) under ammonium limitation are higher when compared to
the glucose limited samples of the same mutant at an identical dilution rate, with only one

exception.

Although the biomass has a positive loading on LVI1, almost similar biomass
concentrations obtained for Ao N2 and ho G2 samples show that the biomass is not

correctly predicted by the model for this particular case.
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Figure 5.4. Comparison of scores for transcriptome and metabolic data.
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Figure 5.7. Loadings of metabolites on first four LVs.
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In order to assess the contribution of biomass concentration, glucose consumption
and ethanol production rates to the direction of the LVs, loadings of metabolites on the first
four LVs are plotted in Figure 5.7. The behaviour of glucose consumption and ethanol
production rates in response to medium and dilution rate factors were modeled by the first

two LVs and their trends were found to be similar to each other (Figure 5.7A).

The ethanol and glucose load negatively on LV2, and they are affected negatively at
the lower dilution rate (Figures 5.2 and 5.6A). The biomass has a positive score on LV2,
and it is affected positively in the samples with positive scores on LV2, i.e. samples at the
lower dilution rate. All response variables have positive loadings on LV4 and, therefore,
would be expected to have higher values in the case of hap4A/hap4A deletion mutants,
which have positive scores on LV4. However, this prediction does not hold for the biomass
(Figures 5.2 and 5.6B). Thus, the model is successful in predicting metabolic data such as
glucose consumption and ethanol production rates but fails for the biomass concentration

beyond LV2.

5.3. Analysis of ORFs with significant contribution

Loadings of the ORFs on the latent variables were investigated to unravel the
relationship between the transcriptome and response variables (Figures 5.8 and 5.9). The
ORFs with positive loadings on an LV are up-regulated in samples with positive scores on
that LV while they are down-regulated in samples with negative scores (see Table 3.9 for
sample names). On the other hand, the ORFs with negative loadings on an LV are down-

regulated in samples with positive scores on that LV.

Variance in LV1 represents the differences due to the medium factor. The genes with
positive loadings on LV 1, which are up-regulated under ammonium limitation compared to
carbon limitation, are expected to be the genes that mediate the increase in biomass
concentration, ethanol production rate and glucose consumption rate. Similarly, the genes
with negative loadings on LV1 are most likely to be the genes that are up-regulated at

glucose limitation causing the decrease in these response variables.
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Figure 5.8. Loadings of ORFs on first and second LVs.

The ORFs with positive loadings on LV2 are up-regulated at lower dilution rate
since samples from the lower dilution rate have positive scores on LV2, and the increase in
biomass concentration as well as the decrease in ethanol production and glucose
consumption rates are expected to be mediated by these ORFs. Similar analysis on LV4
indicates that ORFs with negative loadings on LV4 are down-regulated in hap4A/hap4A

deletion mutants, possibly affecting glucose consumption and ethanol production rates.

Student’s t-test was applied to loadings of the ORFs, and only those ORFs with t <1 x
10 are listed in the Table 5.3. GO Mapping was applied to these ORFs and only the
significant biological process terms at the 6™ level of the hierarchy were included to
represent the groups of similar terms. (+) and (—) signs indicate positive and negative

loadings of the ORFs, respectively.

The ORFs that are down-regulated under ammonium limitation as compared to
glucose limitation are the genes that are active in the polysaccharide metabolism,

ribonucleotide metabolism and respiration pathways (LV1-). The glucose concentration in
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the ammonium-limited medium should repress the expression of genes acting on the
metabolism of other sugars and in the respiratory pathways. Repression of respiration, in
turn, would cause the fermentation pathway to be activated and ethanol production to be
enhanced. Hexose transport is activated in glucose limited case, probably for effective

transport of the scarce source of carbon.

The ORFs up-regulated at the lower dilution rate (LV2+), are the genes that act on
oxidative phophorylation. Up-regulation of these ORFs mediates the increase in biomass

and the decreases in ethanol production and glucose consumption rates.
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Figure 5.9. Loadings of ORFs on third and fourth LVs.

The genes that were down-regulated due to hap4A/hap4A deletion (LV4-) are mainly
respiration-related, ie., genes that function in oxidative phosphorylation, cofactor
metabolism and ion transport. Consequently, the hap4A/hap4A deletion causes respiratory
deficiency under the conditions studied, and fermentation is the only process of glucose

metabolism. The higher glucose consumption and ethanol production rates achieved
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provide further confirmation that Hap4p plays a major role in the switch mechanism from

respiration to fermentation.

Biomass production is a complicated process which cannot be simply attributed to a
single metabolic pathway and, in this work, modelling of the biomass concentration was
successful only for the dilution rate factor. On the other hand, modelling of the ethanol
production and glucose consumption rates were successful for all the factors considered;
and these response variables were found to be a function of the expression of the genes that

are actually acting on the pathways related to their metabolism.

The number of genes given in groups LVI1-, LV3+, and LV4- (Table 5.3) that are
members of the GO terms “cellular respiration”, “phosphorylation”, ‘“coenzyme
biosynthesis” and “nucleotide metabolism” have high significance (p < 1.0E™® ). The
unknown ORFs that appear in the same group with the above mentioned genes may also be

members of the functional categories denoted by the over-represented GO terms.

Table 5.3. ORFs and GO terms with highest contributions to the LVs

LV ORFs with significant loadings | Cellular Process P-value
LV1+ | ALD1, BUB3, HXTI1, HXT3, | hexose transport 0.0003
MNT4, MSC2, YERO028C,
YGL157W, YJL132W, ZRT2

LV1- | AACI, ACN9, ADRI1, ATP16, | phosphorylation 2.63E-14
ATP17, ATP18,ATP3, ATPS, | cellular respiration 1.85E-10
BAP2, BNS1, CBP4, COX12, | ribonucleotide metabolism
COX4, COX6, COX7, COXS, | cellular polysaccharide 1.72E-09
EMI2, GAC1, GDBI1, GLGI, | metabolism
GPH1, GSY1, HOR2, HXKI, | coenzyme biosynthesis 3.36E-07
HYP2, INHI1, ISF1, KGD?2, 4.27E-07

MAL31, MAL33, MBRI,
MCR1, MRK1, MTH1, PCL7,
PIGI, PRS2, PRXI, QCRIO,
QCRS,
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QCR9, ROM1, STF2, UIP4,
YDL157C, YFL043C,YFRO17C,
YGR243W, YJL103C, YJL185C,
YJROO8W, YKL187C, YLR327C,
YMRO90W, YMR103C, YNL122C,
YOLO53W, YPL230W, YPR196W

LV2+

ALD2, AMSI1, ATP17, BUB3, CHSI,
CNM67, COX12, COX7, COXS,
CPR1, FBP26, GAD1, GPG1, HOR2,
HSP78, HXT1, MRPL10, MSC2,
PHMS, PIG1, PRX1, RAD2, ROMI,
UBI4, YBL112C, YFL043C,
YJL103C, YJL132W, YJR0OOSW,
YMRO034C, YMR090OW, YOL153C,
YOR220W, YPL216W, YPR117W,
ZRT2

oxidative phosphorylation

8.01E-05

LV2-

ALDI1, ARR4, BAP2, CBP4, MRK1,
PCL7, PRS2, RPC40, RPL7A,
YLLO034C, YOR271C, YOR314W

regulation of catabolism

0.00031

LV3+

ACNY9, ATP15, ATP16, ATP17,
ATP18, ATP20, ATP3, ATPS5, ATP7,
CBP4, COR1, COX12, COX4,
COX5A, COX6, COX7, COXS, CYCI,
HAP4, HSP78, HXT1, INH1, KGD2,
MCR1, MRPL10, MRPS18, PRS2,
PRX1, QCR10, QCRS, QCRY9, RPL7A,
TUF1, YDL157C, YGL157W,
YJL103C, YNLI122C, YOR314W

phosphorylation
coenzyme biosynthesis
nucleotide metabolism
cellular respiration

ion transport

4.43E-21
1.45E-11
2.83E-11
3.16E-11
4.45E-09

LV3-

BAP2, CNM67, ISF1, MRK1, MSC2,
PIG1, ROMI, TAP42, TAT1, UBP14,
YFL043C, YGR243W, ZRT2

regulation of

carbohydrate biosynthesis

0.00037
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Table 5.3. continued

amino acid transport 0.00194
energy derivation by 0.00437

oxidation of organic

compounds
carbohydrate 0.00499
biosynthesis
Lv4+ | BAP2, GDBI1, GLGI1, GLO3, HOR2, | carbohydrate 1.06E-06
MAL33, MRKI1, MSC2, PIG1, UBPI4, | metabolism
YBL091C, YOR271C, YPR196W energy derivation by 1.41E-05

oxidation of organic
compounds

glucan metabolism 4.23E-05
LV4- | ATP15, ATP16, ATP17, ATP18, ATP20, | nucleotide metabolism |1.05E-10
ATP3, ATPS, ATP7, CBP4, CORI, | cellular respiration 1.15E-10
COX12, COX4, COX5A, COX6, COX7, | cofactor metabolism 3.81E-10
COX8, HAP4, HXTI1, INHI, MCRI, | ion transport 6.06E-10
MRPL10, QCR10, QCRS, QCRY, RPL7A,
TUF1, YDL157C, YJL103C, YJL132W,
YNL122C, YPL216W

5.4. Analysis of Metabolome and Transcriptome of Deletion Mutants

In this section effects of gene deletions on metabolome and transcriptome are

discussed and modelling of metabolome profile using transcriptome data are presented.

5.4.1. Metabolite Levels in Deletion Mutants

The effects of the gene deletions on biomass production, glucose consumption and
ethanol production rates were investigated in chemostats The results are presented in
Figure 5.10. 20 - 40 per cent reductions in biomass production were observed in deletion

mutants that have respiratory deficiency (hap4A/hap4A, beslA/beslA, oxal Aoxal A and
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ripl Aripl A mutants). The strains that are partially respiratory deficient (HAPA4/hap4A,
RIP1/riplA, and mbalA/mbalA) did not have any growth deficiency. Glucose
consumption of the cells remained the same, indicating that respiratory deficient cells
consumed more glucose per biomass when compared to others. The ethanol production did

not follow a particular trend among the mutants.
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Figure 5.10. Biomass and metabolic data in various deletion mutants.



111

The ethanol glucose concentrations per OD are plotted in Figure 5.10C to compare
their consumption and production rates per biomass production respectively. Glucose
consumption rate is significantly higher in respiratory deficient cells, indicating that
respiratory deficiency causes ineffective utilization of glucose in terms of biomass
production. Ethanol production rate per biomass is also higher in these cells, which partly
explains the inefficient utilization of glucose in respiratory deficient cells for biomass and
energy. The pyruvate produced in glycolysis should be used in fermentative metabolism
since respiration does not occur in these cells. Thus, ethanol is produced as an end product
of glucose metabolism and growth defect is observed since precursors of biomass

production can not be produced.

5.4.2. GO Terms Affected from Deletions

The analysis of the genes significantly affected from deletions were performed. The
effects of deletions on the gene expression were evaluated using linear modelling. A total
of 2163 ORFs were found to be affected by at least one of the deletions significantly (p <
0.1), only homozygous gene deletions were considered. The biological process terms
overrepresented among the upregulated and downregulated genes are plotted in Figure
5.11. The biological processes overrepresented by genes downregulated by a deletion are
assumed to be activated by the deleted gene and vice versa. HAP4 activates, i.e.,
hap4A/hap4A downregulates, many processes generally related to respiration, homeostasis,
nucleotide and ribosome metabolisms. Some of these processes were also downregulated
by other gene deletions causing respiratory deficiency and upregulated by migl/A/miglA
mutant. The processes upregulated by hap4A/hap44 (given as “downregulated by HAP4”
in Figure 5.11) are generally carbohydrate, nitrogen, organic acid, alcohol metabolisms and
response to stress. These processes are also downregulated by other genes that cause

respiratory deficiency when deleted from the genome.

On the network, the genes whose deletion affect common GO terms appear close to
each other. In respiratory deficient mutants of hap4A/hap4A, besiAbeslA, oxal AoxalA
and riplA/ripl A, similar biological processes are affected, while some of those processes

are inversely affected from miglA/migl A and mbal A/mbal A deletions.
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5.4.3. PCA of Transcriptome Data from Deletion Mutants

PCA was applied to autoscaled expression data of 2163 significantly affected ORFs,
percent variations explained by the principle components are given in Table 5.4. The first
two PCs distinguish between the replicates. The deletion mutants miglA/miglA
mbal A/mbalA and MIGI1/miglA are clustered together while other homozygous deletion
mutants are scattered as pairs on the projections given in Figure 5.12. Heterozygous
deletion mutants HAP4/hap4A and RIP1/ripl A are distant from the other mutants. Third
and fourth PCs distinguish oxalA/oxalA mutant from the others but other mutants do not

appear as pairs of replicates.

Figure 5.12. Scores of filtered transcriptome data on first four PCs.

Table 5.4. Percent variation explained by PCs

PC Per cent Variation Cumulative per cent variation
1 27.9 27.9
2 21.5 49.5
3 15.4 64.9
4 13.8 78.7
5 9.7 88.4
6 6.5 94.8
7 5.2 100.0
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5.4.4. PLS of Transcriptome and Metabolites Related to Deletion Mutants

PLS was applied to metabolites (biomass, glucose consumption and ethanol
production rates) and to filtered transcriptome data (2163 genes) after averaging the
replicate measurements. First latent variable discriminates the samples from respiratory
deficient and respiratory sufficient strains (Figure 5.13). The strains with partial respiratory
deficiency cluster with the strains which have no respiratory deficiency. The latent
variables other than the first one do not contribute to the model, i.e. less than 0.2 per cent

of variance is represented by the other LVs (Table 5.5).
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Figure 5.13. Scores of transcriptome (A) and metabolic data (B) on LV1 and LV2.

Table 5.5. Proportion of the variation explained by each latent variable

LV Per cent Cumulative per cent Per cent Cumulative per
variation (X) variation (X) variation (Y) cent variation (Y)
1 17.9 17.9 4.4 4.4
2 14.7 32.6 0.2 4.6
3 26.5 59.0 0.0 4.6
4 14.0 73.0 0.0 4.6
5 7.7 80.7 0.0 4.6
6 6.4 87.1 0.0 4.6
7 7.1 94.2 0.0 4.6
8 5.8 100.0 0.0 4.6
9 0.0 100.0 95.4 100.0
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LV

ORFs with significant loadings

Cellular Process

P-value

LVI+

YDRO18C, YHL035C, YBR250W,
YCL002C, YIL166C, YGL072C,
YPR195C, YJL132W, YMR251W,
YGR102C, YCR099C, YMR206W,
YIR043C, YLR137W, YOL155C,
YJRO79W, YMR110C, YER158C,
APT2, ARN1, ARN2, ATX1, CCC2,
COT1, CTL1, CTR2, DCD1, DUOL,
ENBI, FET3, FIT2, FIT3, FRE1, FRE3,
FRES, FTR1, GAL4, GPI2, MALI11,
MEKI, MTM1, RCE1, RRPS, SIT1,
SMF3, STV1, TIMI18, TIS11, YGP1,
ZRT3

ion transport

metal ion homeostasis

2.4E-14
4.5E-10

LV1-

YIR007W, YGL157W, ACS1, ADH?2,
CWPI1, CYB2, DIP5, GDH2, GIP2,
IDP3, MCTI1, MSC1, POX1, SCM4,
SEDI, SPS19, SSU1, TSA2, RNR2,
TFS1, PHOS, LYS1, PEX21, PHOS84,
YIL083C, PDR17, GCY1, TIP1, GADI,
PHOS89, GRX3, HOR2, ALD3, CTT],
HXT3, UBPI1S, YJL217W, SNO1,
ASNI1, SSE2, YHR202W, CRC1, TRP3,
YNL179C, GLN1, YOR285W, RTS3,
QDR3, EMP47, ISA1

organic acid
metabolism
fatty acid metabolism

fermentation

8.9E-8

1.2E-5
1.9E-4

The top 50 ORFs with positive and negative loadings on LV1 are given in Table 5.6.

The biological processes overrepresented among these ORFs are investigated using GO

Mapping, and the terms at 6™ level of hierarchy with low p-values are given.

ORFs involved in organic acid metabolism and fermentation are the ORFs that are

active in respiratory deficient strains; while activation in ion transport pathways
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discriminates the respiratory sufficient strains from the deficient ones. These findings are
in accordance with the analysis given in Figure 5.11, which illustrated the biological

processes affected from each gene deletion.

5.4.5. Integration of Transcriptome and Metabolome Data by PLS

Finally, the ORFs which are effective on complete the metabolome profile of
respiratory deficient and sufficient cells are analysed. The intracellular and extracellular
metabolite samples are analysed with MS, and the binned MS spectra are modelled using

the transcriptome data via PLS.

The discrimination of the samples is not possible when the intracellular metabolome
profile is analysed via PLS (results not shown); however, extracellular metabolite profile
can be modelled successfully. The percent variations explained by LVs are given in Table

5.7, and the scores of the samples on first two LVs are given in Figure 5.14.

Table 5.7. Proportion of the variation explained by each latent variable

LV Per cent Cumulative per Per cent Cumulative per
variation (X) cent variation (X) variation (Y) cent variation (Y)

1 25.0 25.0 9.4 9.4

2 18.4 43.3 33 12.6
3 17.0 60.4 1.8 14.5
4 9.6 69.9 1.1 15.5
5 12.1 82.1 0.5 16.0
6 7.0 89.0 0.6 16.6
7 4.1 93.2 0.3 16.9
8 6.8 100.0 0.1 17.0
9 0.0 100.0 83.0 100.0
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Figure 5.14. Scores of transcriptome (A) and extracellular metabolome (B) on LV1 and

LV2.
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Figure 5.15. Comparison of scores for transcriptome and extracellular metabolome data.

The scores of transcriptome and extracellular metabolome given in Figure 5.14 show
that homozygous deletion hap4A/hap4A mutant may be an outlier among the other deletion
strains. The heterozygous deletion mutants RIPI/riplA and HAP4/hap4A cluster with the
other respiratory deficient strains. Figure 5.15 shows the comparison of scores for
transcriptome and extracellular metabolome data on LV1 (Figure 5.15A) and LV2 (Figure
5.15B). The modelling capability of LV2 is better when compared to LV1. LV1 explains
the variation due to difference between hap4A/hap4A strain and other deletion mutants;
then, LV2 explains the differences among the other strains. The loadings of the ORFs and
MS spectra are given in Figure 5.16. In Figure 5.16A, each point corresponds to loadings
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of an ORF significantly affected from at least one deletion. In Figure 5.16B, each point
corresponds to loadings of a peak observed between 20-1700 m/z. The peaks appearing in
the spectra can not be assigned to a particular metabolite, thus the ORFs that would model
each metabolite can not be detected. However, it is possible to comment on the ORFs
which generally model the extracellular metabolites. In Table 5.8, the top 50 ORFs
mediating the effect of gene deletions on metabolome profiles are given with the GO
biological process terms overrepresented among these ORFs. The GO analysis indicates
that the ORFs acting on oxidative phosphorylation are the main source of variation
between hap4A/hap4 A strain and other strains. Similarly, the ORFs acting on regulation of

metabolism are found to be the source of variance among all strains.

Table 5.8. ORFs and GO terms with highest contributions to the LVs

LV ORFs with significant loadings Cellular Process P-value
LVI1+ | HAP4, TIM11, SNO2, YMR166C, oxidative 1.9E-14
MRPLI, LEU2, COX7, QCR10, SDH1, | phosphorylation
YPL183W-A, CYC1, COX12, MHT]I, aerobic respiration 1.1E-7

MRPL3, RRNS, YKRO77W, YKL0O66W, | nucleotide biosynthesis | 3.9E-5
ATP14, MTO1, YDR493W, YMROO3W,
ATPI18, MRPL13, COX8, IMGI1, PTPI,
YLR168C, COX17, HEM2, YPRO11C,
ATP7, YCLO57c-a, ATP11, REC107,
YLR364W, RSM25, MRP49, PDSI,
YDRO084C, SRX1, COX5A, YJLOS1W,
YBLO59W, POR2, ATP3, FMCI,
MRPL25, CPR3, TUF1, SDH3

LV1- | YHLOO5C, ERG6, YOL047C, YPL272C, | steroid metabolism 2.6E-4
YHR126C, ERG1, YPLO35C,
YDR360W, TKL2, ATG23, CTALI,
YGLO036W, YILO55C, YDL094C,
PHMS, TKL2, YOR387C, MUM2,
YGR131W, YEH1, YBL054W, HXT2,
YDRO070C, SDS24, PRMS, ECM23,
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YLRO12C, ROG1, YGL258W, JLP2,
YBR219C, RTAI, PEX27, YLR164W,
YBR178W, YDL218W, HESI, AIRI,
YOR287C, YDR140W, PXA1,
YKR106W, YHL0O41W, PPR1, HBTI,
YELO10W, YHLO39W, VID24,
YNL194C, FAA2

LV2+

YPR0O9OW, YLRO57W, YJR020W,
YLR143W, YGR198W, BUD14, BUDS,
BUDY, CAF4, EAP1, EBS1, EDEL,
GALS0, GLN3, GZF3, HAP5, HIR3,
HMS?2, IFH1, INP53, KRE11, MCM3,
MCX1, MDS3, MIP1, MKC7, MLP1,
MSG5, NAT1, NDC1, NMA2, NUP116,
PHO91, PMD1, PTK2, PYC2, RAD24,
RAV1, RCK2, RUD3, SCT1, SEC16,
SEN1, SGV1, SOG2, TSC11, VPS13,
YCK1, YCK3, ZMS1

regulation of

metabolism

2.6E-5

LV2-

YKL187C, YML131W, ARC18, RUBI,
SCS2, GPX2, ZEOI, GPI11, FLO9,
PPM2, SSP1, CWP2, YBR047W, GPI15,
GIM4, YDL193W, YOR215C, MAD2,
YORO052C, YLR414C, RBK1, NMD4,
PET10, RNR4, YBR281C, YOR220W,
DERI, TSA1, YNR064C, YLR281C,
YDLI121C, DOTS, AAP1', SLM4, YIMI,
RPN9, MPM1, HHO1, ERP4, PRXI,
SMB1, APA2, YER030W, DTDI,
YBRO71W, MXR1, YBRO14C,
YIR016W, RPC40, YMRO09W

cell redox homeostasis
response to oxidative

stress

4.8E-5
6.1E-3
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Figure 5.16. Loadings of ORFs and extracellular metabolites on LV1 and LV2.
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Linear modeling of mean-centered and scaled (unit variation) expression levels of

6361 ORFs was carried out as a filtering tool to eliminate ORFs that showed insignificant

expression changes in response to the perturbations. 638 out of 6361 models predicted that

at least one of the factors was affecting the expression of the modeled ORF (p < 0.1). The

ORFs and p-values for the factors are given in Table B.1. ORFs whose transcription

changed significantly in at least two of the experimental data sets (Table 6.1 and Table

B.2) were selected. These ORFS were analysed using GO Slim Mapping to elucidate the

biological processes that are affected from the perturbations applied in these experiments.

Table 6.1. Experiments and conditions

Exp. Source Conditions Reported Genes
1 Present work Glucose vs. Ammonium P<0.01 in models of
limitation gene expression
1 Present work hap4A/hap4A deletion vs. P< 0.1 in models of gene
hoA/hoA deletion expression
1 Present work Dilution rate 0.2 vs 0.1hr” P< 0.1 in models of gene

expression

2 Hayes et al. (2002)

Carbon vs. Nitrogen limitation

(D=0.2hr")

Top 17 Genes induced

3 Boer et al. (2003)

Carbon vs. Nitrogen limitation

(D=0.1 hr'")

2-fold change from others

4 Buschlen et al.
(2003)

hap4A deletion vs. WT (batch,

complete galactose medium)

Down-regulated by

deletion

5 Wu et al. (2004)

Glucose vs. Ammonium

starvation (D = 0.1 hr™")

Top 50 genes induced

6 Tai et al. (2005)

Carbon vs. Nitrogen limitation

(D=0.1hr")

2-fold change from others

7 Grotkjaer (2005)

Dilution rates from 0.02 to 0.33

Clusters of up- and down-

regulated ORFs
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The ORFs whose expression profiles correlated with those of affected ORFs with
unknown function were selected and analysed with GO Term Finder. The significantly
over-represented biological processes among the correlated genes were annotated to the
unknown genes under investigation. A literature survey was carried out to discover any
further evidence supporting the proposed annotations. The annotations proposed were also
compared with the previously published results of automated annotation methods. The
present methodology was validated by re-annotating the known genes and evaluating the

fraction of correct re-annotations made.

6.1. Effect of Factors on Biological Processes

Among the affected 638 genes, those up-regulated or down-regulated in nitrogen-
limited conditions when compared to glucose-limited conditions, or in dilution rate 0.2hr"
when compared to 0.1hr, in at least two of the experiments were selected (Table B.3). GO
Slim (Dolinski et al., 2005) analysis was applied to classify the 227 ORFs according to
their biological processes. Similarly, genes down-regulated in a hap4A/hap4A mutant, both
in present study and in that of Buschlen et al. (2003), were selected and classified by GO
Slim Mapping.

GO Slim terms that yielded p < 0.01 for at least one condition are given in bold in
Table 6.2. The abbreviation UN-DC denotes upregulation at nitrogen limitation wrt carbon
limitation, DN-UC denotes downregulation at nitrogen limitation wrt carbon limitation,
DH denotes downregulation at hap4A/hap4A deletion, UR2-DR1 denotes upregulation at
higher dilution rates wrt lower dilution rates, and DR2-UR1 denotes downregulation at
higher dilution rates wrt lower dilution rates. Numbers in paranthesis give the number of
genes. Details of these findings are given in Tables B.2, B.4 and B.5. The total number of
genes (out of 6274) annotated to each term is given in parentheses. The total number of
genes that were significantly affected at the investigated conditions and numbers of the
affected genes annotated to each GO Slim term are given with the corresponding p-values.
Of the genes up-regulated in carbon-limited conditions, 9/45 were annotated to
carbohydrate metabolism which involves 219 genes, p-value is 6.73x10°. Similarly, 6/47
genes up-regulated at the lower dilution rate were annotated to carbohydrate metabolism

with a p-value of 2.77x107. Thus, significantly large number of genes involved in
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carbohydrate metabolism were up-regulated under carbon limitation and at lower dilution

rates. Catabolite repression is eliminated under carbon limitation which, in turn, up-

regulates the carbohydrate metabolism pathways. At the lower dilution rate, the growth

rate is lower and a greater propportion of available resources are used in carbohydrate

metabolism to generate energy and precursor metabolites.

Table 6.2. Classification of ORFs by GO Slim Mapping (p < 0.01)

GO Slim Term and

Number of Genes

Annotated to Terms Pun-nc Ppn-uc Ppu P Ur2-DRI P pr2-ur1
carbohydrate >0.01 6.73E-06 >0.01 >0.01 2.77E-03
metabolism (219/7274) (3/47) (9/45) (0/29) (0/36) (6/47)
cellular respiration >0.01 >0.01 6.74E-18 >0.01 >0.01
(88/7274) (0/47) (2/45) (13/29) (0/36) (2/47)
electron transport >0.01 >0.01 6.84E-17 >0.01 >0.01
(33/7274) (0/47) (0/45) (10/29) (0/36) (0/47)
generation of precursor
>0.01 >0.01 8.35E-30 >0.01 9.23E-05
metabolites and energy
(1/47) (5/45) (23/29) (0/36) (8/47)
(226/7274)
organelle organization
_ _ >0.01 >0.01 >0.01 7.73E-03 >0.01
and biogenesis (2/47) (1/45) (1/29) (11/36) (2/47)
(1009/7274)
ribosome biogenesis
>0.01 >0.01 >0.01 3.08E-06 >0.01
and assembly (0/47) (0/45) (0/29) (9/36) (0/47)
(254/7274)
RNA metabolism >0.01 >0.01 >0.01 4.10E-03 >0.01
(537/7274) (0/47) (1/45) (0/29) (8/36) (0/47)
3.71E-03 >0.01 1.77E-03 >0.01 >0.01
transport (899/7274) (13/47) (11/45) (10/29) (6/36) (5/47)
biological process >0.01 >0.01 >0.01 >0.01 >0.01
unknown (2468/7274) (11/47) (12/45) (1/29) (7/36) (20/47)
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However, at high growth rate, cells allocate more resources to organelle
organization/biogenesis, ribosome biogenesis/ assembly and RNA metabolism in order to
adapt to the higher growth rate (11, 9 and 8 genes out of 36 upregulated genes
correspondingly). The hap4A/hap44 deletion causes respiratory deficiency, thus the
pathways acting on respiration, electron transport and energy generation are deactivated by
down-regulating the genes (13, 10, 23 out of 29 down-regulated genes, correspondingly)
involved in these pathways. Genes acting on transport processes were down-regulated
under carbon-limited and hap4A4/hap4A4 deletion conditions (13 out of 47 and 10 out of 29,
correspondingly) showing that these perturbations cause an adaptation in transport
pathways at the transcriptional level. The GO Slim terms that were represented with p >

0.01 were excluded from the list; the terms may share some genes.

Expression of the genes DURI,2, DALI, DAL2, DCGI, DAL7, ECM38, DAL3 which
are all up-regulated under nitrogen limitation were mapped as “others” in GO Slim
Mapping (Supp. Table 4). For further analysis of the genes in this group, GO Term Finder
was used. 5/7 genes were found to be members of allantoin (an intermediate or end product
of purine catabolism) metabolism which has total of 7 annotations. Four genes (DURI, 2,
DALI, DAL2, DAL3) have hydrolase activity, acting on nitrogen-carbon bonds (but not on
peptide bonds). 6/7 genes are members of nitrogen compound metabolism, with the
exception of ECM38. Though not apparent in GO Slim Mapping, nitrogen compound

metabolism is significantly up-regulated under nitrogen-limited conditions.

6.5. Unknown ORFs Responding to Perturbations

Application of this analysis has also revealed 50 unknown ORFs that are affected by
the perturbations in at least two of the experiments included in this study. Functional
annotation can be made for these ORFs by GO Slim mapping. However, such an analysis
does not provide adequate specificity. In order to annotate a specific term to these
unknown ORFs, correlation coefficients between their expression profiles and the 6361
ORFs in the data set were calculated. The ORFs that are correlated (p > 0.95) with each of
the unknown ORFs were grouped and GO mapping of the members of each group was

performed (Table 6.3). Significant GO terms (p < 0.001) were found for more than one



third of the unknown ORFs (18/50). Results of the GO Term mapping for the genes in each

group are given in Table B.6 for each significantly affected unknown ORF.

Table 6.3. Gene Groups Correlated to Unknown ORFs

Unknown Genes Correlated (p > 0.95)
ORFs Number Names
YMRO90w 12 GDH3, UGA2, YBRI116C, HXTS5, YHRI199C, YKLI107W, YGR043C,
RAD7, HSP104, GAD1, YMR323W, YPR151C
YGL157w 9 YALO37W, CDC19, PTH2, YER028C, DUR3, HXTI, HXTS3,
YLR0O20C, SMM1
YGR243w 30 MAL33, MAL31, GLKI, YER067W, GOSI1, GUTI, YIL057C, MGA2,
MBRI, JENI, GSYI, MRK1, AHAI, TRS23, MTHI, EMI2, PYCI,
POP6, YGR0O67C, BNSI1, PIGI, YLR327C, AACI, ISF1, CATS,
YNL144C, GACI, YPL230W, GAL4, GDB1
YLR327c 27 MAL32, GLC3, YER067W, CPR2, XBPI, MBRI, JENI, GLGI,
GSYI1, YFRO17C, YDR0OISC, YAP6, MTH1, STF2, YGR067C, BNSI,
YGR243W, MALII, YLRI49C, PIGI, AACI, ISF1, PGM?2,
YNL200C, GAC1, YPL230W, GPH1
YERI21w 22 YBR062C, MAL32, YIL055C, XBPI, MBRI, GLGI, YFROI7C,
TSC13, YDROISC, YAP6, MTHI, AGA2, SIP2, STF2, YGR067C,
PIG1, YLR327C, AACI, ISF1, YNROI4W, GACI, GDB1
YFROI7c 31 PRXI1, YBR0O62C, ARAI, GLC3, HOR2, YERI21W, CPR2, YIL055C,
GTTI, MBRI, YDR0ISC, YAP6, MTHI, SIP2, STF2, YGR067C,
YJL185C, YJRO08W, PIGI1, YLR327C, YLR408C, ISF1, YMR206W,
YNL200C,GCY1,YORI73W,YOR285W,UIP4,0XR1,YPR0O98C, SNA2
YGR067c 33 YBRO53C, YBR062C, MAL32, HOR2, YERI2IW, GOSI, CPR2,
YILO55C, GTTI, MBRI1, JENI, GLGI1, YFR017C, TSC13, YDR0ISC,
YAP6, MTHI, EMI2, STF2, YGR243W, YJLO45W, YJLI85C, PIGI,
YLR327C, YLR408C, ISFI, YMR206W, YNL200C, GCYI, GACI,
UIP4, CSR2, GDB1
YKLI187¢ 16 BAP2, MAL33, MAL31, HYP2, GIP2, DOG2, MGA2, YFLO52W,
GSYI1, HXKI, MRK1, PYCI, RNR2, MMP1, SPS19, ALD4
YGR236¢ (SPG1) 9 SSA3,ADY2,SPS100,LRS4,SIP18, YMRI19IW,MLS1,YNL195C, GRE]
YMRI107w(SPG4) 12 PTC4, SLI15, GOS1, GTTI, PPZ2, PRP3, EMI2, YGLIS85C,
RPS14B, VTII, YNL200C, YOLO32W
YMR206w 19 SLI15, YBRI194W, YER067W, CPR2, MBRI, YFRO17C, AHAI,
YAP6, MTHI, STF2, YGR067C, PIGI, YLR408C, CATS, GCYI,
YORI179C, LGE1, CSR2, ISA2
YER067w 21 MAL31, MAL32, MBRI, CMKI, MRKI, AHAI, MTHI, BNSI,
YGR243W, PIG1, YLR327C, AACI, ISF1, YMR206W, CATS,
YNL144C, GLO4, YPL230W, GAL4, CSR2, GDB1
YJL103c 16 ACHI, GRXI, MDHI, COX20, ATP17, COX13, QCRY, QCRIO0,
QOCRS, YJR080C, COX12, COXS, COX7, PORI, MDM35, ATP18
YNL175C(NOP13) 2 LOCI, IMP4
YJL200C 7 RHBI, HAT2, GCS1, SXM1, PPTI, RPA190, RPC40
YDRO70C 16 YBRI116C, PBNI, ADY2, YKLI07W, STP4, NDE2, AFRI, PMCI,
(FMPI6) ALD3, SIP18, YMRI91W, YNLI95C, YNL305C, YOR097C,
YOR366W, GRE]
YGRI73W(RBG2) 6 PRS2, DEDS81, SES1, SNF4, YLR401C, APT1
YORI173W (DCS2) 15 YBRI149W, SDS24, HOR2, UBPY, YFR017C, YGR066C, ROMI,

YJROOSW, YLR271W,TSL1, YMR103C, PGM2, PHM7, ATHI, SNA2
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A detailed survey was conducted to provide additional evidence for specifying the
function of unknown ORFs. For this purpose, the available literature as well as SGD and
the Comprehensive Yeast Genome Database (CYGD, Giildener et al., 2005) were screened
for: motifs present in amino-acid sequences of their products, expression profiles in
various growth conditions, phenotypes of deletion mutants, physical and genetic
interactions. Homologs of unknown ORFs were identified using BLASTP (WU-BLAST?2).
The lists of genes having amino-acid sequence similarity or interaction with each unknown
ORF were also analysed using GO Term Finder and common terms were identifed for the
members of each list. The significance of each term was calculated and is presented here as
further evidence in the process of specification. The terms assigned to ORFs using AVID
(Jing and Keatling, 2005), GeneFAS (Joshi et al., 2004) algoritms and functional linkages
found by STRING (von Mering et al., 2005) were also included for comparison when
available (Table B.7).

6.6. Unknown ORFs Upregulated at Nitrogen Limitation

In at least two of the experiments considered, transcription of YMR090w was up-
regulated under nitrogen limitation when compared to glucose limitation and in our data
set its expression was correlated with genes from glutamate synthesis process (p < 107). It
was proposed by Erasmus et al. (2003) that succinate synthesis from glutamate pathway is
active at high sugar stress, which agrees with present data where genes from glutamate
synthesis process are up-regulated by the high glucose concentration in nitrogen-limited
media. YMR090w has sequence similarity with a selenomethionyl gene product and other
oxidoreductases. In addition, its product has aspartate-semialdehyde dehydrogenase and
dihydrodipicolinate reductase motifs (Dolinski et al., 2005). The product of YMR090w
physically interacts with Maelp which catalyzes the oxidative decarboxylation of malate to
pyruvate and with Atpl4p which is subunit h of the Fy component of the mitochondrial
FiFy ATP synthase (Ito et al, 2001). The YMRO90w transcript was up-regulated by
genetoxicity in correlation with some aldo/keto reductases encoding genes, transport and
energy-related genes (Caba et al, 2005). Thus, YMR090w may encode a protein that
catalyses a reaction in which ATP is involved and which is on the pathway from ammonia
to glutamate synthesis or subsequent succinate synthesis involving metabolism of 4-

aminobutanoate and succinate-semialdehyde.
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YGL157w was up-regulated under nitrogen-limited conditions in more than one
experiment under investigation. Our analysis showed that YGL157w is expressed in
correlation with genes annotated to transport activity (p < 0.001). By LC-MS/MS, serine
hydrolase FFFs (fuzzy functional forms, structural motifs for identification of functional
sites) were searched in yeast proteome and UDP-galactose-4-epimerase, carbonyl
reductase, estradiol-17-dehydrogenase and sepiapterin reductase catalytic sites were found
in product of YGL157w (Baxter ef al., 2004). It was reported to be a target of Rgtlp
(Kaniak et al., 2004), which is involved in the glucose-signalling pathway. However,
YGL157w and the ORFs having amino-acid sequence similarity to YGL157w (YDR541c,
YGLO039w and YOLI151w) are annotated to molecular function term dihydroflavanol 4-
reductase due to their structural homology (Delneri et al., 2000) and to oxidoreductase
activity by direct assay (Katz et al., 2003). Its product is found to reduce ethyl acetoacetate
(Katz et al., 2003Db).

6.7. Unknown ORFs Upregulated at Glucose Limitation

Expression of the ORFs discussed below was up-regulated under glucose limitation
when compared to nitrogen limitation in at least two of the experiments considered in this
study. The up-regulation may be due to respiratory activity, the absence of glucose
repression, or other cellular activities taking place under glucose limitation but not under

nitrogen limitation.

Our analysis suggests that the YLR327c product may be involved in glycogen and
energy reserve metabolism (p < 107'%) or may have transferase function (p < 107).
YLR327c¢ has amino-acid sequence similarity to Stf2p (YGRO008c), a protein involved in
regulation of the mitochondrial F1Fy-ATP synthase. In the present data set, YLR327c and
STF?2 expression are found to be correlated (p = 0.97). YLR327c¢ is adjacent to NMA1
(YLR328¢) and STF?2 is neighbor to NMA2 (YGRO10w — amino-acid sequence similarity
with NMAT), which encode nicotinic acid mononucleotide adenylyltransferases. YLR327¢
was reported to be down-regulated by cytotoxic stress (ethanol and NaCl) and up-regulated
by genotoxic stress (Caba, 2005) in coordination with STF2. Moreover, it is reported to be

a putative protein with cytoplasmic ribosome function and its functional category is
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reported to be assembly of protein complexes (Giildener et al., 2005). It also interacts with
Loslp (Ito et al., 2001) which interacts with proteins involved in protein folding and
organelle organization/biogenesis. The YLR327c product interacts with Elp6p, (Ito et al.,
2001) which is a part of the elongator of the HAP (histone acetyltransferase protein) sub-
complex. Elp6p is required for elongator structural integrity and histone acetyltransferase
activity. It shares amino-acid sequence similarity with proteins responding to external
stimulus (3/8paralogs, p = 0.002). Thus, YLR327¢ product might be involved in energy

reserve or energy derivation metabolisms with a transferase function.

In the present data set, YGR243w expression is in correlation with genes active in
energy derivation from oxidation of organic compounds and carbohydrate metabolism (p <
10°). YGR243w encodes a mitochondrial protein and it is located close to ENOI
(YGR254w) on the genome, which may indicate coordinated expression of this gene with
YGR243w. ENOIp is involved in glycolysis and is reported to be repressed by glucose
(Dolinski et al., 2005). Our analysis yields significant energy derivation and carbohydrate
metabolism terms. However, the detailed literature survey conducted does not indicate

further information in support of this annotation.

Our transcript data on YGRO67c indicate a role in generation of precursor
metabolites/energy (p < 10%). YGR067¢ has amino-acid sequence similarity with zinc
finger and ADR1p DNA-binding domains (Bohm et al., 1997). Adrlp is a carbon source-
responsive zinc-finger transcription factor, required for transcription of the glucose-
repressed gene ADH?2, of peroxisomal protein genes, and of genes required for ethanol,
glycerol, and fatty acid utilization (Young et al., 2003). YGR067¢c was reported to be
CATS-dependent and has CSRE (carbon source responsive) site in its upstream region
(Haurie et al., 2001). 17/28 ORFs having amino-acid sequence similarity to YGR067c
protein are involved in regulation of transcription and DNA-binding activities (p<107?).
YGRO67c also has interactions (Ho et al, 2002; Hazbun et al, 2002) with proteins
involved in organelle organization and biogenesis (p < 0.01). It was found in a complex
(Ho et al., 2002) with proteins from polysomes (p < 10™*). Thus YGR067¢ may encode a
protein involved in transcriptional regulation, specifically in the transcription of genes

related to energy metabolism.
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YERI121w is expressed in correlation with genes involved in the generation of
precursor metabolites/energy (p < 10°) and phosphatase regulation (p < 0.001). The
YERI121w product interacts with Grrlp (Hazbun et al., 2003), which is involved in carbon
catabolite repression, glucose-dependent divalent cation transport, high-affinity glucose
transport, and morphogenesis (Giildener ef al., 2005). No other evidence exists to support

its relation to any biological process or molecular function.

Our transcription data show that expression of YGR236¢ (SPGJ) is correlated with
genes responding to water deprivation (p < 10%. YGR236¢ (SPGI) encodes a
mitochondrial protein (Sickmann ef al., 2003) which is in interaction with the transcription
factor Hap5p (Ito et al.,, 2001). Its transcription is induced in aerobic conditions (ter Linde
et al., 1999) and it is required for survival at high temperatures (Martinez et al., 2004). Its
transcription is down-regulated in response to diammonium sulphate (DAP), together with
genes involved in protein and nitrogen compound catabolism (p < 10*) (Marks et al.,
2003) and up-regulated more than two fold at high sugar stress (Erasmus ef al., 2003) with
other genes from carbohydrate metabolism (p < 10®). These findings do not exclude the

function assigned by this study.

The present results indicate YFRO17c¢ to be involved in generation of precursor
metabolites/energy pathways and to have aldo-keto reductase activity (p < 0.001). It is a
member of a protein complex (Ho et al., 2002) which concerns genes functional in energy
reservation metabolism (p<10) and which is located at bud neck (p<10™*). The YFRO17¢
product has interactions with proteins (Ho ef al., 2002; Hazbun et al., 2003; Ito et al.,
2001) which are involved in glycogen/glucan metabolism or energy reserve/generation
metabolism (p < 0.005). This evidence supports its possible involvement in energy-reserve

pathways.

YERO067w was expressed in correlation with genes acting on energy-generation
metabolism (p < 10™) in the present data set. It is strongly downregulated by cytotoxic
stress (ethanol and NaCl) (Caba et al., 2005). Its product was found in a complex (Ho et
al., 2002) with ribosomal proteins (p < 0.005). Its expression responds to ergosterol, which
is reported to have an important role in mitochondrial respiration (Bammert et al., 2000). It

is also reported to be the only gene which is regulated by both ploidy and the diauxic shift
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(Galitski et al., 1999). Its product was located in cytoplasm and nucleus by direct assay
(Huh et al., 2003), also the products of its paralogs were also located in the nucleus (5/6, p
< 0.01). None of the available information excludes the possibility that YER067w may be

involved in energy derivation.

The mitochondrial protein (Sickmann et al., 2003) encoded by YKL187c is proposed
to have a function in carbohydrate metabolism by our current analysis (p < 107™). Its
paralogs respond to stimuli involved in cell communication and signaling (p < 10”). The
protein products of some of its paralogs are located in the cell wall and internal membranes
(p < 10™), functioning as transmembrane receptors (p < 107). It expression is induced by
glycerol (Richard et al., 1997). Its product was reported to be in the fatty acid elongation
subfamily of non-transporting membrane proteins (de Hertogh et al, 2002). Further, its
structural homologs are internalin proteins from Listeria monocytogenes, which are
virulence proteins that enable cell-to-cell adhesion (Dolinski et al, 2005). YKL187¢
expression is induced by diauxic shift and in the absence of the Srb10 complex, which
disappears during nutritional stresses along with the products of other genes involved in
the nutrient stress response and in the morphological change that permits searching for
nutrients (Holstege ef al, 1998). Thus, YkI187p might be located in mitochondrial

membrane with a receptor function related to carbohydrate metabolism.

YMRI107w (SPG4) expression is correlated with that of genes involved in intra-golgi
transport and v-SNARE (vesicle membrane receptor) activity (p < 107). The proteins with
amino-acid sequence similarity to YMRIO7w are involved in organelle
organization/biogenesis (p < 0.1). It is an essential gene for survival at high temperatures
(Martinez et al., 2004). Its transcription is induced under aerobic conditions (Piper et al.,
2002, ter Linde et al., 1999). The TOR kinase complex controls cell growth by regulating
translation, transcription, ribosome biogenesis, nutrient transport and autophagy in
response to nutrient availability (Martin and Hall, 2005; Crespo and Hall, 2002). It has
been reported that the YMR107w product has negative role in TOR signalling, which is
upregulated by rapamycin and ymr107w deletants are rapamycin resistant (Xie et al.,
2005). The transcription of YMR107w is induced by diauxic shift and is negatively
regulated by the Srb10 complex with other genes involved in the nutrient stress response

and in the morphological change that permits foraging for nutrients (Holstege et al., 1998).
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YMR107w probably responds to nutritional stresses. However, this finding does not
exclude the function suggested by this study, it may be involved in transmitting nutritional

stress signals to Golgi.

YMR206w expression is correlated with that of CAT8 and PI/G1 which are members
of a cluster if genes involved in the regulation of carbohydrate biosynthesis (2/19, p < 107)

in present data set. No information is available in the literature relating to this ORF.

6.5. Unknown ORFs Down-regulated in a hap4A/hap4A deletion strain

YJL103c expression was found to be significantly downregulated in hap4A/hap44
mutant in both available data sets (Pir et al., 2004 and Buschlen ef al., 2003). In the present
data set, its expression was very strongly correlated with genes involved in oxidative
phosphorylation (p < 10™%). 7/25 of its paralogs are positive regulators of DNA-dependent
transcription (p < 10”). 18 of these paralogous proteins were found in nucleus (p < 107). It
is reported that it is involved in transcriptional control, and its predicted product has a Cys6
cysteine - zinc cluster domain. Also, it is a putative heme-dependent regulatory protein and
it has a cytochrome binding site (Giildener et al, 2005). The Yjl103c protein interacts
(Hazbun et al., 2003) with the products of genes involved in nuclear positioning (p<0.005).
The product of YJL103c was recently annotated to be involved in oxidative
phosphorylation, as inferred by sequence and structure similarity (Deng et al., 2005), and
was defined as a zinc cluster protein by phenotype screening (Akache et al, 2001).
Supported by the above evidence, it can be concluded that YJL103c should be encoding a

protein that is involved in transcriptional regulation of the respiratory pathway of yeast.

6.9. Unknown ORFs Up-regulated at High Growth Rate

The expression of YGR173w (RBG2) is correlated with that of genes from purine
salvage, tRNA modification and ribonucleoside monophosphate biosynthesis pathways
(p<10™). Its paralogs are involved in ribosome-nucleus export and functions in GTP-
binding (p<10'3 and 107, respectively). Its product has a GTP1/OBG (GTP binding family)
signature. It was stated that two cytosolic Obg proteins Rbglp and Rbg2p (which share

52% amino-acid sequence identity) associate with translating ribosomes and it is possible
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that they are involved in stress response (Datta et al., 2005). The YGR173w product is
assigned to biological process GTP binding by amino-acid sequence similarity (Li et al.,
2000). The available information does not include any supporting evidence for the present

results.

YJL200c expression was also up-regulated at higher growth rates and is correlated
with genes involved in transcription from RNA polymerase I promoter which promotes the
transcription of rRNA genes for the precursor of the 28S, 18S, and 5.8S molecules (p <
0.0005). It was annotated with the term ‘“aconitate hydratase activity” by sequence
homology (Tatusov et al., 2000) and the location of this protein in the mitochondrion has
been determined by direct assay (Huh et al., 2003; Sickmann et al., 2003; Ohlmeier et al.,
2004).This protein was reported to be an acotinase, relying on the results of MALDI-TOF,
2-D gel analysis and amino-acid sequence identity (Shevchenko et al., 1996). It has motifs
of aconitases and structural homology with aconitases from many species including
bovine, pig and E.coli (Dolinski et al., 2005). It is reported to be involved in the TCA cycle
(Przybyla-Zawislak et al., 1999; Dolinski et al., 2005) and the serine-isocitrate lyase
pathway, catalyzing the conversion of citrate to cis-aconitate (Dolinski et al., 2005). The
transcription of YJL200c was investigated on glucose and ethanol and found to be
enhanced on glucose and decreased on ethanol (van der Berg e al., 1998). Although
YJL200c was referred to as ACO2 (as an isoform of ACOI/GLUI, which encodes
aconitase) by Przybyla-Zawislak (1999) and van den Berg (1998), the name ACO2 was not
mentioned in recent publications and databases. Its paralogs are involved in amino-acid
biosynthesis (p < 10'4) and hydro-lyase activity (p < 10™). Response of YJL200c
expression to amino acid availability revealed that it may be involved in the lysine
biosynthetic pathway (Giaever ef al., 2002). Its expression is down-regulated in response
to the addition of lithium to galactose, together with that of with genes involved in
transcription, translation, and nucleotide metabolism (Bro et al., 2003). Also its expression
is down-regulated in strains deleted for CHDI, a gene thought to have a function in
transcription and chromatin remodelling. (Tran ef al., 2000). Other genes down-regulated
in chdl deletants are involved in amino-acid and organic acid metabolism (p < 107).
Moreover, Gendp, which is involved in transcriptional activation of amino-acid
biosynthetic genes in response to amino-acid starvation, binds to to the YJL200c promoter

(Yeang et al., 2004). YCL200c¢ transcription is downregulated more than two-fold under
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high sugar stress (Erasmus et al., 2003), along with other genes from nucleotide, amino-
acid and organic acid metabolism (p < 10"*). Furthermore, it is up-regulated in response to
DAP (Marks et al., 2003), together with genes involved in amino acid, nitrogen and
organic acid metabolism (p < 107°). Present results and the evidence cited above indicate
that YCL200c may be involved in transcriptional regulation of amino-acid biosynthesis

pathways.

YNL175w (NOP13) expression was up-regulated at higher growth rates in both the
present data set and in that of Grotkjaer (2005). Both of the genes (LOC! and IMP4) with
correlated expression to YNL175w are involved in ribosome biogenesis (p < 0.001). Its
transcript is down-regulated more than two-fold under high sugar stress (Erasmus et al.,
2003), along with genes from nucleotide, amino acid and organic acid metabolism (p < 10
¥). The YNL175 protein interacts with proteins (Ho et al., 2002; Hazbun et al., 2003; Ito et
al., 2001) involved in ribosome biogenesis (p < 107) and was found in three complexes
(Ho et al., 2002) with proteins involved in ribosome biogenesis (p < 107™). Ynl175p was
also found in another complex with proteins acting in chromatid segregation and localized
in the nuclear cohesion complex (p < 10™). It has amino-acid sequence similarity with
genes from RNA metabolism (p < 10'%). YNL175w was assigned the function RNA-
binding by sequence homology and its location was determined to be nucleus and
nucleolous by direct assay (Wu et al., 2001). Interacting gene products, proteins with
amino-acid sequence similarity and proteins from the same complexes are also located in
the nucleus, nucleolous and non-membrane-bound organelles, with high significance (p <
10™). When all this evidence is taken into consideration, YNL175w can be concluded to

have a function in ribosome biogenesis and RNA metabolism.
6.10. Unknown ORFs Down-regulated at High Growth Rate
Expression of YMRO090w is down-regulated at high growth rates, has been discussed
already as a gene up-regulated under nitrogen limitation; we have annotated it as a gene

acting on the glutamate biosynthesis pathway.

YORI173w (DCS2) expression is correlated to genes from carbohydrate and trehalose
metabolisms in present data set (p < 10'4). DCS?2 and its paralog, the DCSI gene, are
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induced by heat shock and mutagens and are repressed by cAMP withdrawal (Kwasnicka
et al., 2003). The YOR173w product interacts (Ho et al., 2002; Gavin et al., 2002; Hazbun
et al., 2003; Ito et al., 2001) with genes involved in mitosis and enzyme regulation (p <
0.005). It was found in a complex (Gavin et al, 2002) with proteins located in the
transcription factor TFIIH complex (p<10'10), and in another complex (Ho et al., 2002)
with members involved in regulation of redox homeostasis that has thioredoxin activity
(p<0.0002). The AVID algorithm (Jiang and Keatling, 2005) predicted that it is involved in
deadenylylation-dependent decapping and ubiquitin-specific protease activity. It is
reported to be regulated by Msn2p and Msn4p, two transcriptional activators that mediate
the response to stress conditions, and the Ras-cAMP-cAPK signalling pathway, which is
essential for the control and integration of regulation of growth, cell cycle progression and
metabolic activities, in particular with respect to the nutritional status (Pedruzzi et al.
2000). YOR173c product has the structure of dcps (mMRNA decapping enzyme) and was
reported to be a scavenger mRNA decapping enzyme. It was described as a non-essential
protein containing a HIT (histidine triad) motif (Dolinski et al., 2005). YOR173c is up-
regulated in a strain with RNS4 gene disrupted, along with other genes responding to stress
and involved in catabolism (p < 0.005) (Unno et al., 2005) . Its expression is negatively
regulated by cAMP, along with other genes involved in carbohydrate metabolism (p < 10
(Tadi et al., 1999). Tadi et al. (1999) demonstrated a great accumulation of its transcript
when glucose becomes limiting, which suggests that it encodes a product, required in
larger quantities, that functions in the physiological transitions due to nutritional

limitations. Thus, present results are partly supported by the available evidence.

The transcription of YDRO70c (FMP16) is correlated with that of genes responding
to water, according to the present data set (p < 0.0005). Its product is localized in the
mitochondrion (Huh et al., 2003; Sickmann et al., 2003) and it is reported to be induced
under aerobic conditions (ter Linde et al., 1999). It is also induced by the diauxic shift and
is negatively regulated by the Srb10 complex, along with other genes involved in the
nutrient stress response and in the morphological change that permits foraging for nutrients
(Holstege et al., 1998). YDRO70c is upregulated by genotoxicity, down-regulated by
toxicity, together with a sub-set of transport and energy genes (Caba et al., 2005). Its
transcription is down-regulated in response to the addition diammonium sulphate (DAP),

together with genes involved in protein and nitrogen-compound catabolism (p < 107
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(Marks et al., 2003). YDRO70c expression is up-regulated more than two-fold upon high-
sugar stress (Erasmus et al, 2003), along with other genes from the carbohydrate
metabolism category (p < 10'6). It was reported to be up-regulated in response to Bax, a
regulator of apoptosis, together with genes acting on glucose and hexose metabolism (p <
0.0005) (Reekmans et al., 2005). It is also up-regulated in absence of SANI, a gene
encoding ubiquitin-protein ligase (Gardner et al., 2005),along with other genes
overrepresented in GO biological process terms stress response, and protein folding and
molecular function term oxidoreductase activiy (p < 10™). It was induced by Pdr3p and
Pdrlp, transcriptional activators of pleiotropic drug resistance (Onda et al., 2004), and
other genes responsive to stress (p < 0.005). Thus, present results are partly supported by
the available evidence and suggest that YDR0O70c is a stress-responsive gene, probably

responding to nutritional stresses.

The annotations proposed in this study and existence/absence of external evidence

are given in Table 6.4.

6.11. Precision of Present Annotations

Correlation of gene expression is assumed to be an indication of shared functions in
this study. Validation of this assumption and evaluation of the precision of the annotations

are made by re-annotating the known genes.

Genes whose expression changed significantly in at least two of the experiments
were analysed for validation purposes, and the results are plotted in Figure 6.1. An
annotation is considered as “correct” only if the term allocated in this study is exactly the
same as the known term for the gene. Thus, the criterion of correctness is stringent.
Depending on the threshold p-value used, 15 to 45 of the total of 177 genes included in the
analysis can be annotated by at least one correct term. If the threshold p-value is below
1x107, the fraction of correctly annotated genes is above 0.70 and the fraction of correctly
assigned terms is above 0.30. However, for p > 0.001, the fractions above remain below

0.2 and 0.1 respectively.
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ORF Proposed function or process External
Evidence

YJL103c Transcriptional regulation of respiration (p < 10™"°) Yes

YLR327c Glycogen and energy reserve metabolism (p < 10"), Yes
transferase function (p < 10

YGR243w Energy derivation and carbohydrate metabolism (p < 10°) Yes

YGR067c Generation of precursor metabolites and energy (p < 10°°) Weak

YMRO90w Glutamate synthesis pathway (p < 107) Yes

YORI73W | Carbohydrate and trehalose metabolism (p < 10™) Weak

(DCS2)

YKLI87¢c Carbohydrate and alcohol metabolism (p < 107™) No

YGR236¢ Water deprivation (p < 10™) No

(SPG1)

YER067w Energy derivation metabolism (p < 10™) No

YGRI173W | Purine salvage, tRNA modification and ribonucleoside No
monophosphate biosynthesis pathways (p < 10

YFROI7c Generation of precursor metabolites and energy (p < 107) Yes

YERI2Iw Generation of precursor metabolites and energy (p < 10°), Weak
phosphatase regulation (p < 107).

YDRO70C Response to water (p < 107) Weak

(FMP16)

YGLI157w Transport and carboxylic ester hydrolase (p < 107) No

YMRI107w Intra-golgi transport, v-SNARE activity (p < 107) No

(SPG4)

YMR206w Regulation of carbohydrate biosynthesis (p < 10) No

YNLI175C Ribosome biogenesis and RNA metabolism (p < 107) Yes

(NOP13)

YJL200C Transcription from RNA polymerase I promoter (p < 10~) No

When all genes are included in the re-annotation analysis without any filtering

process, the fraction of correctly annotated genes is reduced to about 0.45 while the

fraction of correctly assigned terms goes down to about 0.25; p-value below 1x10°. For p

> 0.001, the fractions remain unchanged, i.e. below 0.2 and 0.1, as in the previous case

(results not shown).
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Figure 6.1. Number of correctly annotated genes and fractions of correct annotations.

Thus, the precision of the annotations made is improved by using linear modeling
and incorporating the results of multiple experiments for filtering out genes that are not
differentially expressed under the selected conditions, although the number of genes that

can be annotated is considerably reduced by this approach.

The annotations made in this study are generally based on p-value thresholds that are
in the low-precision region of the curve, and they should be considered as “validated” only
if external evidence exists. However, the annotations of the terms with low p-values (p <
107) have relatively higher precision, i.e. the fraction of correctly annotated genes is about

0.65 and the fraction of correctly assigned terms is about 0.30.

6.9. Comparison of Present Results with Automated Annotation Results

The annotations generated by automated algorithms for the ORFs investigated here
are given in Table B.7. GeneFAS (Joshi et al., 2004) generated many results for all of the
ORFs, accompanied by a probability and a significance value. The results with a

probability higher than 0.25 are included in the following comparison. GeneFAS produces
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general terms like “cell growth”, for instance, “cell growth and/or maintenance” is the top

scoring annotation for all ORFs.

AVID produces biological process results for 10/17 genes under investigation and
STRING (von Mering et al., 2005) provides functional linkages for 14 genes. The
functional linkages provided by STRING cover only part of the information that actually
exists in literature and databases. Text mining in Abstracts of the publications may

sometimes lead to ambiguous information.

For YMRO090w, the STRING linkage is to Maelp (NAD-dependent malic enzyme),
which is a connection used in the present analysis as well. AVID produces no predictions,
and the 17 predictions of GeneFAS with p >0.25 (cell growth and/or maintenance,
metabolism, transport, cell communication, response to external stimulus, response to
stress, cell organization and biogenesis, catabolism, homeostasis, protein metabolism,
amine metabolism, amino acid and derivative metabolism, organic acid metabolism,
nucleobase, nucleoside, nucleotide and nucleic acid metabolism, response to biotic stimuli,
oxygen and reactive oxygen species metabolism, response to oxidative stress) is not related

to the glutamate synthesis pathway.

For YGL157w, the automated annotations disagree with the transport and carboxylic
ester hydrolase functions reported here. Some of the literature information presented here
is reflected by linkages found by STRING. STRING links YGL157w with two putative
reductases, a putative glycerol dehydrogenase and a glucose-6-phosphate isomerase. AVID
annotates fatty acid and galactose metabolism. GeneFAS results in cell growth and/or
maintenance, metabolism, nucleobase, nucleoside, nucleotide and nucleic acid

metabolisms with probability greater than 0.25.

AVID makes no predictions for YGR243w. The STRING links this ORF with a
succinyl-CoA ligase and a zinc-finger protein. GeneFAS results in cell growth and/or
maintenance, metabolism, cell communication and signal transduction with probability
greater than 0.25. These annotations may be related to present annotation “energy

generation and carbohydrate pathways”.
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YLR327c and YER121w, although annotated using evidence from this study, were
not annotated by AVID or STRING. GeneFAS annotated the terms cell growth and/or
maintenance, metabolism, response to stress, cell organization and biogenesis, cell
communication, cell adhesion, response to external stimulus, nucleobase, nucleoside,
nucleotide and nucleic acid metabolism and carbohydrate metabolism for YLR327c and
cell growth and/or maintenance, cell organization and biogenesis, metabolism, and
transport for YER121w. These terms are not directly related to the “transferase function,
glycogen and energy reserve metabolism” terms annotated to YLR327c and “phosphatase
regulation, generation of precursor metabolites and energy” terms annotated to YER121w

in the present study.

YFRO17¢c was annotated to trehalose metabolism by AVID and linked to proteins
involved in pyridoxine biosynthesis, maintenance of ploidy, ubiquitin carboxyl-terminal
hydrolase, and a protein that binds proteins and DNA by STRING which may be related to

9

the “generation of precursor metabolites and energy” annotation made here. GeneFAS

annotated this term in 9th place among 27 terms with probability greater than 0.25.

The “generation of precursor metabolites and energy metabolism” annotations
proposed for YGR067c are similar to the Sth-ranked prediction made by GeneFAS (energy
pathways) among 20 terms with probability greater than 0.25. The predictions of AVID
(G1-specific transcription in mitotic cell cycle and metabolism) and links of STRING
(proteasome component, 26S proteasome regulatory subunit, essential RNA-binding G-

protein effector of mating response pathway) are irrelavant to the present results.

YKL187c is linked to a probable succinate dehydrogenase by STRING and
annotated to 15 terms (probability greater than 0.25) by GeneFAS (cell growth and/or
maintenance, metabolism, organic acid metabolism, energy pathways, transport, electron
transport, phosphorus metabolism, cell communication, carboxylic acid metabolism,
carbohydrate metabolism, energy derivation by oxidation of organic compounds,
coenzymes and prosthetic group metabolism, signal transduction, oxidative
phosphorylation, phosphate metabolism, response to stress, main pathways of carbohydrate
metabolism, phosphorylation biosynthesis, TCA intermediate metabolism, main pathways

of carbohydrate metabolism, amine metabolism, amino acid and derivative metabolism,
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tricarboxylic acid cycle, and lipid metabolism), most of which are related to the un-
supported “carbohydrate and alcohol metabolism” annotation made in this study. AVID

made no predictions for this ORF.

The present annotations made for YGR236c, YMR107w, YMR206w, and YER067w
are not supported by external evidence. YGR236c¢ is linked, by STRING, to proteins with
the descriptions transcriptional activator,  bud-site selection, glucose-6-phosphate
isomerase. The GeneFAS annotations for YGR236c¢ are cell growth and/or maintenance,
metabolism, cell organization and biogenesis, energy pathways, organic acid metabolism,
budding, cytoplasm organization and biogenesis, carbohydrate metabolism, vitamin
metabolism, lipid metabolism, energy derivation by oxidation of organic compounds
(probability greater than 0.25). These terms are not related to present annotation “water
deprivation”. No linkages were found by STRING for YMR107w, GeneFAS resulted in
cell growth and/or maintenance, metabolism, transport and cell cycle (probability greater
than 0.25) which are irrelevant to present annotations “intra-golgi transport, and v-SNARE
activity” for YMR107w. STRING links YMR206w to a sirohaeme biosynthesis protein.
Among 24 annotations made with probability greater than 0.25 by GeneFAS,
“carbohydrate metabolism” is in 6™ rank, which is similar to the present annotation
“regulation of carbohydrate biosynthesis” for YMR206w. STRING links YER067w to
enzymes acting on sterols, ribosomal proteins and a cytochrome. GeneFAS annotation
“energy pathways” is in 7™ rank among 14 annotations with probability greater than 0.25
matches the present annotation “energy derivation metabolism”. AVID made no

predictions for these ORFs, except for YER067w (regulation of cell redox homeostasis).

YJL103c was annotated to transcriptional regulation of respiration with strong
evidence in this study, similar predictions were made by GeneFAS though followed by
many irrelevant terms (oxidative phophorylation ranked 20th among 36 annotations).
AVID made no prediction and all STRING linkages are irrelavant (probable
serine/threonine-protein kinase, 26S protease subunit, aryl-alcohol dehydrogenase, aspartyl

protease precursor, sporulation-specific mitogen-activated protein kinase)

YNL175¢ was annotated similar terms related to ribosome biogenesis and RNA

metabolism by all tools, which is supported by the evidence of the present work.
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YJL200c is predicted to be involved in transcription from RNA polymerase |
promoters with no additional evidence in the present work. GeneFAS annotations are cell
growth and/or maintenance, cell cycle and metabolism (probability greater than 0.25).
STRING links YJL200c with isocitrate dehydrogenases, AVID annotates tricarboxylic acid
cycle, citrate metabolism and propionate metabolism. The annotations/linkages by AVID

and STRING are in accordance with some of the information available in literature.

YDRO70c, was linked to a glucosamine 6-phosphate N-acetyltransferase and an
activator of multidrug resistance genes by STRING. Fourth among the 16 annotations
made by GeneFAS is “response to stress”, which is a generalized term when compared to
the present annotation “response to water” which was not supported by any evidence.

AVID made no annotation for YDRO070c.

For YGR 173w, weak evidence was found for the present annotation “purine salvage,
tRNA modification and ribonucleoside monophosphate biosynthesis pathways” and
GeneFAS annotated similar terms (cell growth and/or maintenance, metabolism, cell
organization and biogenesis nucleobase, nucleoside, nucleotide and nucleic acid
metabolism, cytoplasm organization and biogenesis, transport, ribosome biogenesis and
assembly, transcription, RNA metabolism biosynthesis transcription, DNA-dependent
ribosome biogenesis, RNA processing, organic acid metabolism, carbohydrate metabolism,
aromatic compound metabolism, heterocycle metabolism, ion transport, catabolism). The
AVID prediction is “from ER to Golgi transport” and STRING findings are “low affinity
Fe(Il) transport protein, invertase 2 precursor, and a protein with similarity to mammalian

monocarboxylate permeases”. These results are unrelated to the present results.

The annotations “carbohydrate and trehalose metabolism” for YOR173w were
supported by only weak evidence. AVID made the annotations “deadenylation-dependent
decapping” and “metabolism”. GeneFAS predicts “metabolism” in second place among 34
annotations. STRING links YOR173w with a cyclin, a serine/threonine-protein kinase, a
subunit of TFIIH and nucleotide excision repair factor 3 complexes, a scavenger mRNA
decapping enzyme, a transcriptional activator, a eukaryotic translation initiation factor and

an aminopeptitase precursor, none of which is related to present results.
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6.11. Success of Proposed Method

In present data set and the other experiments under consideration, the genes whose
expression levels vary significantly fall into the biological process categories: transport
processes, carbohydrate metabolism, electron transport, cellular respiration, generation of
precursor metabolites and energy central metabolism. This reflects the fact that the
perturbations applied were directly related to growth rate, carbon and nitrogen
metabolisms. Thus, the unknown ORFs with significant expression changes were strongly
correlated with genes involved in pathways of central metabolism. Consequently, the
success of the annotations is context-dependent, perturbations that affect other pathways

would result in the annotation of a completely different set of unknown ORFs.

Our methodology involves linear modeling and subsequent functional analysis of
genes and ORFs whose expression changes significantly. Annotations for 17 of the
investigated ORFs are proposed and 7 of these annotations are supported by external
evidence. For the 10 ORFs, the annotations made depend solely on transcriptome data
supported by weak, or no, external evidence. It should be kept in mind that the predictions
made with low-precision p-values should be considered only if they are supported with
external evidence. All annotations with p < 107 were supported with such evidence, and so

this value may be considered as a safe cut-off limit for such annotations.

Re-annotation of known genes selected by linear modeling and combining the results
from independent data sets demonstrated that 30% of the annotations made with high
significance (p < 10) are correct and 70% of the genes are annotated at least one correct

term.

Comparison of present annotations to those produced by automatic annotation tools
indicated that automated annotations may miss some of the information in the literature,

which may give misleading results.

Since tedious investigations of all evidence are needed for the annotation step
following a transcriptome experiment, we investigated only the most affected ORFs, and

satisfactory results superior to those obtained with current automated algorithms were
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obtained. Implementation of this methodology automatically is possible only when
software with a rigorous decision algorithm is available. Next section will be focused on

development of a novel automated annotation tool, PredPower.
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7. INVESTIGATION OF PREDICTION POWER OF NETWORKS
FOR FUNCTIONAL ANNOTATION

In functional genomics, besides direct experimental analysis methods, in silico
methods making use of the assumption that “similarities among the properties of the genes
may indicate shared functions” found wide-spread acceptance. In identification of
functions of unknown genes, similarities in genomewide data on gene expression, gene
product localization, amino-acid sequence similarity, transcription factor binding,
phenotypes of deletion mutants and physical/genetic interactions among proteins/genes
proved to be useful. Frequently, the methodology involves making estimations using the
similarities among known properties of the genes and verifying the results using the
existing classification information on genes. Finally, novel annotations to unknown genes

are proposed on this basis.

Constructing biological networks helps the organization and analysis of available
information on the properties of genes. The networks can also be used as tools for defining
the extent of similarities between the genes. The genes close to each other on a network
have a higher extent of similarity in the property under investigation, which may indicate a
common function. Protein-protein or protein-DNA interaction networks, as well as
transcriptional regulation networks, have frequently been used in functional genomics
research. Networks depending on other properties of the genes can also be used for
estimating functions of the unknown members of the network. In Section 2.13, a list of
publications reporting methods for in silico functional genomics of S. cerevisiae and Gene
Ontology is given (Table 2.4). This list is far from being complete, however it indicates the

trends of computational functional genomics research.

The functions assigned to genes constitute large lists of terms or classes, thus these
lists also need to be organized. The classification of functions and annotations are provided
by various databases. The classifications and annotations provided by KEGG (Kanehisa
and Goto, 2000), MIPS (Mewes et al., 2005) and SGD (Dolinski et al., 2005) are the most
frequently used ones for yeast S. cerevisiae. For many species, Gene Ontology Consortium

provides Gene Ontology (GO) which is composed of detailed classes of “biological
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processes”, “molecular functions” and “cellular components” that aim to describe the gene
products. These terms constitute an acyclic map of parent-child relations among general
and specific classes of functions. For S. cerevisiae, SGD also provides the GO mapping of

all genes and ORFs.

The methods for predicting the functions of genes and proposing new annotations
need to be verified, also a “reliability index” should accompany each proposed annotation.
Since reliability of the new annotations depends on the descriptive power of the biological
information used, standardized evaluation of the “prediction power” of the biological

networks on the classification networks is believed to be useful.

In this study, the aim was to provide a framework for investigating the prediction
power of biological networks on classification networks and making new annotations for
unknown members of the biological networks. The software developed, PredPower, can be
used for any biological and classification network pair, provided that a set of relations

(annotations) between the two networks is known.

7.1. Sources of Data and Network Construction

Pearson correlation coefficients among the ORFs were calculated using transcriptome
data collected in present work. Amino-acid sequence similarity between the products of the
ORFs were obtained using WU-BLAST2 (BLASTP) (Gish, 2004). Interactome data for S.
cerevisiae were collected from three sources: GRID (Breitkrutz et al., 2003), STRING
(von Mering et al., 2005) and BIND (Alfarano et al, 2005) databases. Transcription
regulation data were taken from “Yeast Search for Transcriptional Regulators And
Consensus Tracking” database (YEASTRACT, 2005). Gene Ontology (GO) annotations
and terms were downloaded from SGD (Dolinski et al., 2005).

7.1.1. Construction of Networks

Two types of networks were constructed. Type 1 networks are the biological

networks constructed using the similarity between the genes. The nodes are the genes in

biological networks and similar genes are connected to each other by edges. The five
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biological networks constructed are given in Table 7.1. The type 2 networks are
classification networks. The nodes are the GO terms and edges are the parent-child
relations between the terms. The two classification networks given in Table 7.2 were

constructed for biological terms and molecular function terms.

7.2.3. Biological Networks

In the biological networks constructed, the nodes were the ORFs appearing in GO
annotation lists of SGD. The edges connect the correlated ORFs (Pearson correlation

coefficient thresholds of p > 0.90 and p > 0.95) in transcriptome networks.

In the amino-acid sequence similarity (homology) network, the edges connect the
ORFs whose proteins are reported to have amino-acid sequence similarity by WU-
BLAST2. BLASTP was run using sequence filtering with default values for each ORF.
Only the top 100 homologs to the ORFs were selected when more than 100 homologs were
found. In the interactome network, the ORFs reported to be interacting were connected by
edges. In regulatory network, the ORFs regulated by at least two common TFs were

connected by edges.

The compendium network was constructed by combining all the nodes and the edges
in the five networks described, and the replicate edges were removed. Thus, even if a pair
of nodes were connected in more than one network, only one edge connected them in the
compendium network. All edges were considered to be identical in these networks,

therefore neither “weight” nor “strength” scores were assigned.

In Table 7.1, the total number of nodes (ORFs) with at least one connection in each
network and the total number of connections among the ORFs are given. The number of
connected nodes in regulatory network is small when compared to other networks since
only “verified” data from Yeastract are used and only the ORFs sharing at least two TFs
are connected. However, the total number of connections is very large when compared to

other networks.
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Table 7.1. Dimensions of biological networks

Network Nodes Edges
Expression Correlation (r > 0.90) 6020 151944
Expression Correlation (r > 0.95) 4855 25610
Homology 6657 179223
Interactome 4778 74030
Regulation 2253 249073
Compendium 6702 631510

7.1.3. Classification Networks

The classification networks were composed of parent-child relations among the GO
terms. The nodes were the terms and edges were the parent-child relations. Since GO terms
constitute a directed acyclic graph, only top-to-down connections are included in the
network. The relation among two networks were the annotations of the ORFs to the terms.
Two classification networks were constructed for biological process and molecular

function terms. Table 7.2 gives the number of nodes and edges in classification networks.

Table 7.2. Dimensions of classification networks

Network Nodes Edges
Biological Process (BP) 1841 16521
Molecular Function (MF) 1517 8321

7.1.4. Algorithm of PredPower

The terms assigned to neighboring nodes of each ORF in the biological network
were listed using a classification network. Then the significance (p-value) of each term in
the classification network for the ORF of interest was calculated based on the number of
relations it has with the neighbors of the ORF. The p-values calculated constitute a matrix
with the number of nodes of the biological network and number of nodes of the
classification network as its dimensions. The significance of a term is higher, the higher the
number of neighbors of the ORF annotated to the term; however, if none of the neighbors

of the ORF is annotated to that term, p is equal to 1.0. New annotations with p-values
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smaller than the threshold p-value are proposed among the ORFs and terms. 23 thresholds
for p-values in the 1 x 107" to 0.99 range were tested for new relations, i.e., proposed

annotations.

The prediction power of the biological network on the classification network was
evaluated by comparing the existing annotations of the “known” ORFs with the
annotations proposed. The total number of ORFs correctly annotated with at least one
term, the fraction of the ORFs with at least one correct annotation and the fraction of the

correctly annotated terms were calculated.

Some of the annotations in SGD are very specific and parents of those direct
annotations are also descriptive. Thus, in addition to the analysis which considers only the
direct annotations of the ORFs, analyses including the parents of the direct annotations
were also made. The neighbors in the classification network included in the analysis were
at the following levels: “no neighbors — direct annotations only”, “up to first level
neighbors”, “up to second level neighbors ”, “up to third level neighbors”, “up to fourth
level neighbors” and “all possible neighbors”. These levels correspond to “direct
annotations only”, “direct annotations and the first level parents of them”, etc.,
respectively. Table 7.3 gives the total number of annotations when selected levels of

parents were included. A sample run is described in full detail for the networks given in

Figure 7.1 in Appendix A.

Table 7.3. Dimensions of biological networks

Annotations Biological Molecular
Process Function

Only direct annotations 11048 8267

Up to first level parents included 25932 17166

Up to second level parents included 41644 22439

Up to third level parents included 59000 26205

Up to fourth level parents included 76483 28822

All parents included 103681 32100
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Figure 7.1. General structure of networks processed by PredPower.
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7.3. Tests on PredPower

Prediction power of biological networks on GO prediction trees are evaluated
considering the following three statistics:
a. Number of ORFs with at least one correctly predicted term
b. Ratio of all ORFs with a predicted term to ORFs with at least one correctly predicted
term

c. Ratio of total number of predictions to number of correctly predicted terms.

Generally, the number of ORFs with at least one predicted term increases with the
increasing p-values threshold and with increasing levels of neighbors included in the
analyses. The fraction of correctly predicted ORFs is high at the stringent p-values, they
decrease at intermediate p-value thresholds and increase again at very high p-values.

Fraction of correctly made predictions decrease as the p-value threshold is increased.

The p-value threshold 1 x 107 is selected as an optimal point where both the fraction
of correctly predicted ORFs and the fraction of correct predictions are high. However,
there is a trade-off between high fractions and high number of predicted ORFs. The

number of predicted ORFs remain low at the low p-values where both of the fractions
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mentioned are high. Including all neighbors may improve both fractions of correct
predictions and number of ORFs predicted, however, as the number of neighbors
increased, newly included biological processes are more general (upper members of GO
terms tree), which may be less descriptive. Investigation of all cases indicated that
including 4 levels of neighborhood allows prediction of functions for a satisfactory number

of ORFs while the most general terms are not included.

Many similar terms are predicted for each ORF in most of the cases. Frequently an
ORF is connected with a set of genes that are involved in several closely related terms,
consequently all of these terms are predicted for the ORF at similar significance levels.
Thus, most of the terms predicted for an ORF are closely related to each other and indicate
similar biological processes or molecular functions. However, only one or two of these
terms are actually annotated to the ORF, which causes the overall fraction of correct

predictions to be low.

All cases investigated are discussed in following sections. Comparison among the
cases indicated that combining all biological networks in one large network enables higher
prediction powers to be reached. 2981 biological processes and 1975 molecular functions
for 443 and 524 unknown ORFs are predicted as an outcome of combining all biological

information.

7.2.1. Prediction Power of Transcriptome Data on GO Classification Trees

Two correlation networks were constructed using the genes correlated to each other
in present transcription dataset, the threshold values were 0.95 and 0.90. The prediction

power of these networks were evaluated on GO biological process terms network.

The number of ORFs with at least one correctly predicted biological process increase
as the p-value threshold for the predicted terms is increased (Figure 7.2A). Also increasing
the level of neighbors included in the analysis, generally increases the number of ORFs
correctly predicted. An exception is the 4 neighbor case, where the total number of
correctly predicted ORFs exceeds the all-neighbors-included case for low significance

predictions. The fraction of ORFs with at least one correctly predicted term to all predicted
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ORFs decrease as the p-value threshold is increased up to 0.005. Beyond this threshold, the
fraction increases (Figure 7.2B). However, the fraction of correctly predicted terms to all
predicted terms generally decrease as the threshold is increased, and beyond p = 0.005,
more than 90 per cent of the predictions made are incorrect (Figure 7.2C). The fractions
generally increase as more neighbors are included in the analysis, the results obtained in 3
or 4 neighbors case approximate the results obtained in all-neighbors-included case. The
highest fractions are observed for p < 1 x 107'°, about 60 per cent of the predicted ORFs
that are predicted at least one correct term, while about 40 per cent of all predictions are

correct.

In the present data set, 125 ORFs can be predicted using the parameters selected (4
neighbors, p < 1 x 107), and for 69 of the ORFs there is at least one term that is correctly
predicted. 17 out of 125 ORFs are unknowns, and 89 novel predictions are made for these
unknown ORFs. The expected fractions of correctly predicted ORFs and terms are 0.55
and 0.42 respectively for the parameters selected, which means that approximately 1 out of
2 ORFs predicted has at least one correctly predicted term and 1 out of 2 predictions is

made correctly.
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Figure 7.2. Expression correlation (p > 0.95), biological process terms
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The limited number of ORFs predicted for given parameters can be regarded as an
indication of low prediction power of this data set. The biological network constructed
using the correlation coefficient threshold 0.90 results in similar prediction trends (Figure
7.3) but it allows prediction of more ORFs. Decreasing the correlation coefficient threshold
causes the fraction of correct predictions to decrease when compared to p > 0.95 case
(Figure 7.3B and C). The number of novel predictions increase in p >0.90 case, using the
parameters selected (4 neighbors, p < 1 x 107), 154 unknown ORFs are predicted, totalling
686 terms. At this significance level, 37 per cent of these ORFs are expected to be
predicted at least one correct term, and 28 per cent of all predictions are expected to be

correct.
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Figure 7.3. Expression correlation (p > 0.90), biological process terms

Prediction power of these two biological networks was also evaluated for network of
molecular function terms. The number of ORFs predicted and fraction of correct
predictions are given in Figures 7.4 and 7.5 for networks of correlation coefficients 0.95
and 0.90, respectively. The trends and fractions of correct predictions are similar; however,

the number of predicted ORFs and number of novel predictions are lower when compared
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to biological process classifications. This is an expected result of the lower number
molecular function terms, accompanied by a lower number of predictions and fewer
parent-child relations in the molecular function network as compared to the biological
process network (Tables 7.3 and 7.4). 11 and 93 unknown ORFs are predicted to 44 and
289 molecular function terms in 0.95 and 0.90 networks correspondingly, when 4
neighbors are included and terms with p < 1 x 107 are taken into consideration. Expected
fraction of correctly predicted ORFs and terms are 0.54 and 0.30 while fraction of correctly

predicted terms are 0.42 and 0.26 in 0.95 and 0.90 cases, respectively.
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Figure 7.4. Expression correlation ( p > 0.95), molecular function terms

7.3.2. Prediction Power of Protein Amino-acid Sequence Similarity on GO

Classification Trees

The network of proteins having amino-acid sequence similarity was constructed
using the results from WU-BLAST2 (BLASTP) analyses for 6657 gene products, all ORFs
with homolog products were connected without any filtering, regardless of the extend of
the amino-acid sequence similarity. The power prediction analysis was carried out using 23

levels of threshold p-values and levels of neighborhood to infer the prediction power of
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interaction network on GO prediction tree of biological process and molecular function

terms.
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Figure 7.5. Expression correlation ( p > 0.90), molecular function terms
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Figure 7.6. Homology, biological process terms
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The results obtained are given in Figures 7.6 and 7.7. Number of predicted ORFs
increase as the threshold of p-value and number of included neighbors are increased as in
correlation network cases. The fraction of correctly predicted terms decrease as the
threshold of p-value is increased. However the fraction of predicted ORFs with at least one
correct prediction remains above 0.4 with almost all cases proving high prediction power.
Moreover, the number of ORFs that can be predicted is high, for selected parameters, (4
neighbors, p < 1 x 107), the number of ORFs with at least one correctly predicted terms is
831 and 1117 for biological process and molecular function terms respectively. For 190
and 253 unknown ORFs, 1206 and 938 biological process and molecular function terms
are predicted respectively. Fractions of ORFs with at least one correctly predicted are
expected to be 0.61 and 0.70, while fractions of correct predictions are expected to be 0.46

and 0.50 correspondingly.
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Figure 7.7. Homology, molecular function terms

7.2.3. Prediction Power of Interactome Data on GO Classification Trees

The interaction network was constructed using the data from BIND, STRING and

GRID databases. The power prediction analysis was carried out using 23 levels of
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threshold p-values and 6 levels of neighborhood to infer the prediction power of interaction

network on GO prediction tree of biological process terms.

The results obtained are given in Figures 7.8 and 7.9. Similar to previous analyses,
increasing the threshold p-value and the number of neighbors included, increases the
number of ORFs predicted. The fractions of the correctly predicted ORFs and terms follow
a similar trend, and the values are higher, indicating that interaction data have more
prediction power on GO prediction trees when compared to other biological networks.
Expected fractions of ORFs with at least one correctly predicted term 0.82 and 0.67 and
expected fractions of correctly predicted terms 0.68 and 0.65, these values are highest
fractions obtained among all cases using 4 level of neighbors and p < 1 x 10”. Protein-
protein interaction network allows prediction of 1373 and 843 ORFs with at least one
correctly predicted terms (4 neighbors, p < 1 x 107). 1732 and 1126 biological process and

molecular function terms predicted for 1126 and 242 unknown ORFs respectively.
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Figure 7.8. Interactome, biological process terms
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Figure 7.9. Interactome, molecular function terms

7.2.5. Prediction Power of Regulatory Network on GO Classification Trees

The gene pairs bound by at least same two TFs were connected to construct the

regulatory network. The prediction power of this network on GO biological process and

molecular function term trees were tested using using 23 levels of threshold p-values and 6

levels of term neighborhood (Figures 7.10 and 7.11).

Trends of the number of ORFs predicted, fractions of correctly predicted ORFs and

terms are similar to previous cases. However, this network allows prediction of a lower

number of ORFs since the number of ORFs included in the network is small (2253) when

compared to other networks. Also, the number of ORFs that can be predicted is low, for

selected parameters, (4 neighbors, p < 1 x 107), the number of ORFs with at least one

correctly predicted terms is 656 and 458 for biological process and molecular function

cases respectively. 70 and 147 unknown ORFs are predicted to be predicted by 483 and

384 biological process and molecular function terms respectively.
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Figure 7.10. Regulatory network, biological process terms
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7.2.5. Prediction Power of Compendium of Networks on GO Classification Trees

The edges and nodes of all biological networks constructed were combined to obtain
a larger network which concerns all the biological information available. The multiple
edges between a pair of ORFs were reduced to one, thus every pair of ORFs is connected
by only one edge at most. In total, 6702 ORFs were included in this network with a total of
631510 edges.

The analyses were repeated for the compendium of networks using both biological
process and molecular function terms. The results are given in Figures 7.12 and 7.13.
Similar trends were observed when compared to previous cases, that is, the number of
genes correctly predicted increase, the fraction of correctly annotated terms decrease and
number of novel annotations increase as the p-value threshold is increased. The fraction of
correctly predicted ORFs with at least one term decreases as the p-value threshold

approaches to 0.01 and increases for higher or lower thresholds.

The compendium of networks allows more ORFs to be correctly predicted with at
least one term. The fractions of correct predictions are generally high when compared to
single biological networks. For selected parameters, (4 neighbors, p <1 x 10'7), 2213 and
1747 ORFs with at least one correctly predicted terms were found for biological process
and molecular function terms respectively. 443 and 524 unknown ORFs are predicted to
have 2981 and 1975 biological process and molecular function terms respectively.
Expected fractions of ORFs with at least one correctly predicted term are 0.68 and 0.63 for
biological process and molecular function cases while the expected fraction of correctly

predicted terms were 0.45 for both cases.

Both the number of predictions and expected fractions of correctness are higher in
the compendium of networks when compared to the results of single networks indicating
that combining all biological information increases the prediction power. The expected
fraction of correctness is higher in compendium of networks when compared to results of
single networks, except for protein amino-acid sequence similarity and protein-protein
interaction networks. The number of predictions is higher in the compendium of networks

when compared to all other networks investigated. These findings indicate that combining
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7.2.6. Prediction Power of All Networks for the Selected Parameters

The threshold p = 1 x 107 was selected as an optimum threshold since it allows
satisfactory number of ORFs to be predicted with acceptable fractions of correctness. The
level of neighbors (or parents) to be included analyses were selected as 4 since at this level
adequate number of parents from the classification tree are included while the most general
terms are excluded. In Figures 7.14 and 7.15 a comparison of all networks are given where
the predictions were made using 4 levels of neighbors. A summary of statistics on

predictions made using p < 1 x 107 and 4 level of neighbors are given in Table 7.4.

The expression correlation networks and regulatory network generally allow a
smaller number of ORFs to be predicted than the other networks. Moreover, the fraction of
correct predictions are lower for these networks at significant p-value thresholds. Thus the
prediction power of these biological networks is lower when compared to other networks.
Homology and interactome networks enable more ORFs to be predicted with higher
fractions of correctness. Their fraction of correctness remains high at almost all p-value

thresholds. It can be concluded that these networks are more informative than the former

ones.
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Figure 7.14. Comparison of all networks including 4 neighbors, biological process terms



Table 7.4. Statistics for p < 1 x 107 and 4 level of neighbors
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Figure 7.15. Comparison of all networks including 4 neighbors, molecular function terms

The best prediction power is found in compendium of networks. First of all, number

of ORFs correctly predicted by at least one term is largest for the compendium in both

biological process and molecular function predictions. Fraction of correct predictions in

compendium network is generally higher than the other networks for most cases. This

network also allows maximum number of unknowns to be predicted with high fraction of

correctness. The ORFs and biological process and molecular function terms predicted

using parameters as 4 neighbors, p < 1 x 107 are given in Table E.1 and E.2, respectively.
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8. CONCLUSIONS AND RECOMMENDATIONS

In this section, the concluding remarks on the findings of this study are presented and
future directions for answering the questions and testing the hypotheses that arise as a

result of this study are given.

8.1. Conclusions

All aspects of metabolome and transcriptome data obtained in chemostats were
investigated in the present study. The conclusions drawn from the analyses in Sections 4-7

are presented below in separate subsections.

8.1.1. Transcriptional Regulation of Central Carbon Metabolism

Yeast S. cerevisiae has a flexible central carbon metabolism which is capable of
adapting to a wide range of carbon sources and environmental conditions. All perturbations
applied in this study target the central carbon metabolism of yeast, thus the detailed
analysis of gene expression was focused on central pathways. The results verify the
transcriptional regulation information provided in the literature and enable new regulatory

relations to be proposed.

Homozygous deletion mutants hap4A/hap4A, beslA/besiA, oxalAloxalA and
riplAviplA are completely respiratory deficient. Heterozygous deletion mutants
HAP4/hap4A, RIP1/riplA and homozygous deletion strain mbalA/mbalA have partial
respiratory deficiency. Homozygous and heterozygous deletion strains mig/A/miglA and

MIG1/miglAhave no growth deficiency under the conditions investigated.

Hap4p and Miglp are known transcriptional regulators. R/IPI and MBAI have Hap4p
binding sites in their upstream regions. Results of this study indicated that, in addition to
RIP] and MBAI, MIGI may also be regulated by Hap4p; however, it has no Hap4p
binding site. Both HAP4 and MBAI were observed to be transcriptionally affected in
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migl/miglA and MIG1/miglA deletion mutants. HAP4 has Miglp binding site but MBAI

does not.

Mbalp is not generally recognized as a transcriptional factor; however, in this study,
many genes from central carbon metabolism were upregulated in mbal/mbal A mutant, in
addition to being upregulated in miglA/migliA and MIGI1/miglA deletion mutants. The
MIG1 gene was also downregulated in mbalA/mbalA mutant, thus the results obtained

indicate that Mbalp may also be a transcriptional regulator.

RIP1, OXAI and BCS] are also not recognized as transcription factors; however, in
this study, many genes were observed to be upregulated in deletion mutants of these genes.
Deletions of these genes cause respiratory deficiency, which results in activation of
retrograde signalling; thus, the genes affected in these deletion mutants may be upregulated
as response to retrograde regulation. Miglp and Mbalp may be repressing both ethanol
production and respiration because their deletion results in upregulation of most of the

central carbon metabolism pathways.

The results of this study show that, in a hap4A/hap4A deletion mutant, the nuclear
genes encoding the components of respiratory chain are downregulated. These results
confirm that Hap4p is an activator of respiration-related genes. The mitochondrially
encoded respiratory chain genes are downregulated by oxalA/oxalA deletion mutant. The
present results indicate that Oxalp may be needed for transcription of mitochondrially

encoded respiratory chain components.

Respiration deficiency also upregulates expression of genes from most of the central

pathways, this may be an attempt by the cells to adapt to this severe deficiency.

Ammonium limitation has a widespread effect on central metabolism, probably
because of the high glucose concentration in ammonium-limited medium. The respiratory
chain is generally downregulated while galactose metabolism and glycolysis are
upregulated. Production of acetaldehyde from pyruvate is also upregulated which may

indicate that glucose repression causes the carbon source to be utilized by fermentation.
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Upregulation of various genes encoding hexose transporters, proteins acting on the
glucose-signaling, glycolysis, and galactose pathways by hap4A/hap4A, HAP4/hap4A and
RIP1/riplA deletions were observed. These genes are not affected in homozygous deletion

mutant ripl A/rip1 A. The biological reason of this expression behaviour remains unclear.

The detailed investigation of transcriptional regulation of central carbon metabolism
has resulted in interesting findings. Experiments employing molecular biology techniques
need to be conducted to support the present results and to explain the reasons behind the

expression behaviour observed.

8.1.2. Integration of Transcriptome and Metabolome Data

The systems biology approach demands that data from high-throughput technologies
to be analysed together to obtain a complete picture of cell behaviour. In the present study,
bioinformatics tools were used to reduce the dimensionality of high throughput

transcriptome and metabolome data towards pattern recognition and data integration.

Linear modelling enables filtering of the insignificant variation in data sets, and PCA

allows clustering of the samples with similar mRNA expression or metabolite profiles.

The PLS method was applied to metabolic and transcriptomic data to gain insight
into the changes in metabolism due to three factors (growth medium, dilution rate and gene

deletion). The method enabled extraction of the following information from these data sets:

1. Discrimination of the effects of the above factors on transcriptome and metabolic
data.

2. Modelling of metabolic data as a function of transcriptome data and elucidation of the
extent of correlation between these two data sets.

3. Identification of ORFs that mediate the changes in metabolic data in response to

perturbations.

Investigation of variation in metabolic and transcriptomic data in response to

perturbations in growth media, growth rate and gene deletions resulted in elucidation of
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pathways that are mediating the effects of the perturbations on the metabolic data. The
genes from biological processes “cellular respiration”, “phosphorylation”, “coenzyme
biosynthesis” and “nucleotide metabolism” are significant in modelling of metabolic data,
thus, activation of these processes are thought to be important sources of variation in the

metabolic profiles of the cells.

Investigation of transcriptome data in combination with metabolic data and
extracellular metabolome profiles yielded significant findings. The metabolic profile, i.e.,
biomass content, glucose consumption and ethanol production rates of cells, depends on
the respiration sufficiency of the cells. In respiratory-sufficient cells, “ion transport” and
“metal ion homeostasis” processes were active while “organic acid metabolism” and

“fermentation” were active in respiratory-deficient cells.

The complete extracellular metabolome profiles enable more detailed investigation
of the effects of the gene deletions. The mutant hap4A’hap4A was an outlier in PLS
analysis of transcriptome and extracellular metabolome data. This is an expected behaviour
since the expression profile of central carbon metabolism genes were different in mutant
hap4A/hap4A when compared to all other deletion mutants (Section 4). However, this

behaviour cannot be identified when PLS is applied to transcriptome and metabolic data.

In Section 4, it was explained that respiratory-deficient mutants other than
hap4A/hap4A have shared effects on gene expression and similarly the mutants
mbalAV/mbalA, migl A/miglA and MIG1/migl A have shared effects on gene expression. In
mutants other than hap4A/hap44, "oxidative phophorylation” and “nucleotide
biosynthesis” is wupregulated. This result indicates that hap4A/hap4A  deletion
downregulates the respiration and (probably) growth-related activities. Regulation of
metabolism was upregulated in mutants riplAriplA, RIP1/riplA, HAP4hap4A,
bes1A/bes1 A, and possibly in oxal A/oxalA mutants, while “cell redox homeostasis” and
“response to oxidative stress” were upregulated in miglA/miglA, MIGI1/miglA and
mbal A/mbalA mutants. Activation of these processes indicate that the cells bearing these
gene deletions are forced to activate the pathways for adapting to gene deletion and re-

balancing the metabolism.
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Even in cases where the number of variables in the metabolic/metabolome data is
much higher, the PLS method would enable the identification of metabolites that are
affected by the conditions applied as well as the genes that mediate the effects of the
conditions. In the present dataset, the metabolome data were available as a “signature”
where the individual metabolites cannot be identified. However, valuable information on
adaptation of metabolism to perturbations was deduced even without identification of

individual metabolites.

Finally, unknown genes can be annotated using this methodology and studies
towards product maximization can be conducted by identifying the genes and the pathways

that are responsible for the changes in formation of metabolic products.
8.1.3. Annotation of Unknown Yeast ORFs

In this study, changes in the expression of genes were used to elucidate the metabolic
pathways and regulatory mechanisms that respond to environmental or genetic
modifications. Results from previously published chemostat data sets were merged with

novel data generated in the present study.

Transcriptional co-regulation of genes may indicate shared functions or “guilt-by-
association”. Expression of ORFs displaying significant changes in correlation with other

ORFs were analysed using GO mapping tools and supplemented by literature information.

Annotations for 17 of the investigated ORFs were proposed and 7 of these
annotations were supported by external evidence. For the 10 ORFs, the annotations made
depend solely on transcriptome data supported by weak, or no, external evidence. ORFs
YJL103c, YLR327c, YGR243w, YGR067c, YMR090w, YORI73W (DCS2), YKLI87c,
YGR236¢c (SPGI1), YER067w, YGRI73W, YFROIl7c, YERI2Iw, YDR0O70C (FMPI16),
YGL157w, YMRIO7w (SPG4), YMR206w, YNLI75C (NOPI3), and YJL200C were

assigned functions as a result of this study.

YJL103c was assigned the process “transcriptional regulation of respiration” (p < 10

13), with external evidence. YLR327c was assigned the process “glycogen and energy
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reserve metabolism (p < 107'%) and “transferase” function (p < 10™*) with external evidence.
YGR243w was assigned the process “energy derivation and carbohydrate metabolism” (p <
10°) with external evidence. YGR067¢ was assigned the process “generation of precursor
metabolites and energy” (p < 10°) with weak external evidence. YMR090w was assigned
the process “glutamate synthesis pathway” (p < 10”) with external evidence. YORI73W
(DCS2) was assigned the process “carbohydrate and trehalose metabolism” (p < 10™*) with
weak external evidence. YKLI87c was assigned the process “carbohydrate and alcohol
metabolism” (p < 10™*) without any external evidence. YGR236¢ (SPG1) was assigned the
process “water deprivation” (p < 10™*) without any external evidence. YER067w was
assigned the process “energy derivation metabolism” (p < 10™) without any external
evidence. YGRI73W was assigned the process “purine salvage, tRNA modification and
ribonucleoside monophosphate biosynthesis pathways” (p < 10™) without any external
evidence. YFR0I17c was assigned the process “generation of precursor metabolites and

energy” (p < 10) with external evidence.

YERI2Iw was assigned the processes “generation of precursor metabolites and
energy” (p < 10°) and “phosphatase regulation” (p < 10~) with weak external evidence.
YDR070C (FMP16) was assigned the process “response to water” (p < 107) with weak
external evidence. YGLI57w was assigned the process “transport and carboxylic ester
hydrolase” (p < 107) without any external evidence. YMR107w (SPG4) was assigned the
function “intra-golgi transport and v-SNARE activity” (p < 10”) without any external
evidence. YMR206w was assigned the process “regulation of carbohydrate biosynthesis”
(p < 107) without any external evidence. YNLI75C (NOPI3) and “ribosome biogenesis
and RNA metabolism” (p < 107) with external evidence. YJL200C was assigned the
process “transcription from RNA polymerase I promoter” (p < 10'3) without any external

evidence.

It should be kept in mind that the predictions made with low-precision p-values
should be considered only if they are supported by external evidence. All annotations with
p < 10 were supported by such evidence, and so this value may be considered as a safe

cut-off limit for such annotations.
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8.1.4. Investigation of Prediction Power of Networks for Functional Annotation

In silico methods for functional annotation of unknown genes frequently make use of
the assumption “similaries among the properties of the genes may indicate shared
functions”. In identification of functions of unknown genes, similarities in genomewide
data on gene expression, gene product localization, structural/sequence homology,
transcription factor binding, phenotypes of deletion mutants and physical/genetic

interactions among proteins/genes proved to be useful.

In this study, a method is proposed to assess the prediction power of biological
networks in assigning classes to unknown ORFs using the information on genes with
known classes. The developed method can be used for any network composed of genes
presumed that some portion of the genes in the network are already annotated to some
classes. The method was used to investigate the networks of ORFs with correlated
expression, protein homology, transcription factor binding data and physical/genetic
interactions. SGD GO terms were used as the classes. 2981 biological processes and 1975
molecular functions for 443 and 524 unknown ORFs, respectively, are predicted as an
outcome of combining all biological information. Expected fractions of ORFs with at least
one correctly predicted term are 0.68 and 0.63 for networks of biological process and
molecular function terms, respectively; expected fraction of correct predictions is 0.45 for
both of the classification networks. The software PredPower is developed to carry out all

computations in Matlab environment.

8.2. Recommendations

This study was focused on gaining new information on respirative and fermentative
central carbon metabolism of yeast S. cerevisiae and functional annotation of unknown
ORFs. The results propose novel transcriptional regulation relations among many genes

and novel functions to more than 500 unknown genes.

These results are elucidated using data from high throughput technologies, which

provide only a general picture of the cell state. Thus, these results produces hypotheses and
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questions that need to be tested and answered by more standart molecular biology
techniques:
1. Does Oxalp regulate transcription of mitochondrially encoded components of
respiration chain?
2. How is the coordinated effect of Miglp and Mbalp on central carbon metabolism
mediated?
3. How is the effect of respiration deficiency conducted to the whole central
metabolism?
4. Why are the genes encoding hexose transporters affected from heterozygous deletion

of the RIPI gene, but not from its homozygous deletion?

Proteome is another high throughput data type, which provides the profile of protein
content in cells. A verification method for transcriptional regulation could be collecting
proteome data under the conditions investigated. Also an emerging technology, protein
arrays, could be used to detect the proteins with specific properties to verify the present

results.

17 genes were annotated novel functions in this study. The annotated functions need
to be verified using various methods, such as conducting fermentations using deletion

mutants of these genes to observe their phenotypes.

The PredPower tool, which was generated as another output of this study, can be
improved in many ways. First of all, a user interface is needed for convenience of users.
The networks analysed by the tool may be investigated after assigning weights to the edges

or nodes. More options for evaluating the results may be included.

This section concludes the results obtained in this study. It is strongly believed that
this study provides valuable novel biological information and new methodologies to the

systems biology research community that aims to solve the yeast “puzzle”.
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APPENDIX A: NOTES ON EXPERIMENTS

In this section, the additional notes on the experimental part of this study will be

provided and results of the supplementary experimental work will be given.

A.1. Location of the Experiments

The majority of the experiments were performed in Faculty of Life Sciences, The
Michael Smith Building, University of Manchester, Oxford Road, Manchester, M13 9PT
United Kingdom between dates June-October 2003 and June-October 2004. Additional
analyses were conducted in Department Chemical Engineering Department, KB440,

Bogazici University, Bebek, 34342 Istanbul Turkey.

A.2. Verification of Gene Deletions

The strains were tested for correct deletion using PCR-based methods. Locations of
the primers on the genome are given in Figure 3.1 and sequences of primers are given in
Table 3.2. KanMX forward and reverse primers were used to verify the existance of
KanMX casette on the genome. Uptag-Downtag primers are used to verify the existance of
correct deletion casette and A-D primers are used to verify that deletion casette is in
correct location on the genome. Upon completion of fermentations, DNA was isolated

from chemostat samples to verify the growth of correct mutants in each reactor.

Only the PCR products of A-D primers and DNA samples from the chemostats will
be given here, which verifies that DNA segment with expected length exist in the locus of
gene under interest. The expected length of PCR products for wildtype alleles and alleles
carrying deletions are given in Table A.1. For homozygous deletion mutants, single band
with “deletion” length is expected, for homozygous deletion mutants, two bands are

expected with length “deletion” and “wildtype”.

In Figure A.l, the ladder BioLine HyperLadder IV used to estimate the length of

PCR products of A-D primers is given. All chemostat samples were successfully verified
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to be the correct strain, however, no band is observed for MIGI deletion strains (Fig.A2). It
is highly probable that the A-D primers for MIGI were not working. Existance of correct
deletion in these strains were verified using the array data, together with all the other

deletions (results not shown).

Table A.1. Expected lengths of PCR products of AD primers (bp).

Gene Deletion Wildtype
o 2230 2407

RIP] 2280 1344
HAP4 2239 5330
BCS1 2282 2069
MIGI 2069 2000
MBAI 2251 1504
0OXA41 2221 1846

g E:" 2 2 =l o 2 o) ‘8_ 2 o o

= oo = e

s S8 2 8828%9 8

% rD" = i -

DIIEEERTY

Figure A.1. Ladder used for estimation of length of PCR products
A.3. Respiration Tests

Only respiration-competent cells can grow on non-fermentable carbon source
ethanol. The strains used in this study were tested for respiratory deficiency on YPE plates
(2 per cent yeast extract, 1 per cent peptone, 2 per cent ethanol). One or two colonies were
taken from a YPD plate, suspended in 140 microliter of sterile dH,O, and the suspension
was diluted with sterile dH,O (1:8) five times. 2 microliter of 6 suspensions at different
concentrations were spotted on YPE plates. Figure A.3 illustrates the growth of strains

after incubation at 30°C for three days.



HO - homozygous - AD

BCS1 - homozygous - AD

OXA1 - homozygous - AD

RIP1 - homozygous - AD

RIP1 - heterozygous - AD

HAP4 - homozygous - AD

HAP4 - heterozygous - AD

i SN IR
’

{
I
|

MBA1 - homozygous - AD

N
J

Figure A.2. PCR products of A-D primers and DNA from chemostat samples.
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Almost all heterozygous strains grow as fast as the reference strain hoA/hoA.

Respiratory deficiency is apparent for homozygous deletion strains hap4A/hap4A,

besiAbeslA, mbalA/mbalA (partial deficiency), and oxalA/oxalAand heterozygous

deletion mutant RIP1/ripl A (partial deficiency). These results are in agreement with results

of Steimetz et al. (2002) except for homozygous ripl/ Aripl A and heterozygous deletion

HAP4/hap4A mutants. Homozygous deletion strain rip/A¥iplA was expected to be

respiratory deficient, but it grows on YPA-E plates. The test was repeated for fresh

homozygous ripl A/riplA and heterozygous deletion HAP4/hap4A mutant cells from the

library and complete respiratory deficiency for riplA/riplA and partial respiratory

deficiency for HAP4/hap4A were observed (Figure A.4). The deletion tests were also

repeated for these strains and deletion-verified cells were used in chemostat experiments.
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Figure A.3. Respiration test on YPA-E plates

Figure A.4. Respiration test repeated on YPA-E plates
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APPENDIX B: SUPPLEMENTARY TABLES FOR SECTION 6

In this section, the tables mentioned in Section 6 (Annotation of Unknown Yeast
ORFs) are provided. Table B.1 can not be given here explicitly since its dimensions are not
appropriate for printing, only few representative rows are given. Complete Table B.1 is

given in CD version of this thesis, saved under file name TableB1.xls.

Table B.1. 638 significantly affected ORFs, effects of factors and p-values

ORF Gene Deletion Medium Dilution P P P
effect effect Rate Effect | (Deletion) | (Medium) | (Dilution
Rate)
YFRO15C GSY1 2.49E-01 2.32E+00 -2.38E-01 1.36E-01 6.49E-05 1.49E-01
YHR094C HXT1 -1.98E-01 4.55E+00 -3.89E-02 5.94E-01 1.85E-04 9.15E-01
YNROS9W MNT4 2.46E-02 5.13E-01 2.40E-01 5.68E-01 2.03E-04 3.71E-03
YDR345C HXT3 9.68E-02 3.38E+00 -7.98E-02 7.37E-01 2.29E-04 7.81E-01
YKLO093W MBRI -4.16E-02 -1.88E+00 -6.63E-01 7.96E-01 2.36E-04 1.15E-02
YMROS1C ISF1 2.48E-01 -3.02E+00 9.95E-01 3.80E-01 2.79E-04 1.68E-02
YPR184W GDBI 9.33E-02 2.05E+00 -4.67E-01 6.45E-01 3.98E-04 6.72E-02
YBR297TW MAL33 3.20E-01 2.60E+00 -2.86E-01 2.67E-01 4.74E-04 3.14E-01
YER028C YER028C -1.56E-01 2.76E+00 9.78E-03 5.90E-01 4.84E-04 9.72E-01
YKRO58W GLG1 1.0SE-01 -7.56E-01 -3.04E-01 2.88E-01 9.10E-04 2.37E-02
YIL166W QCR$ -8.11E-01 -6.85E-01 -1.85E-01 5.31E-04 1.02E-03 8.17E-02
YLR273C PIGI 7.72E-02 -6.32E-01 -3.08E-01 3.56E-01 1.03E-03 1.41E-02
YDLI157C YDLI157C 2.64E-01 -6.31E-01 8.72E-02 2.48E-02 1.11E-03 3.11E-01
Table B.2. Conditions covered by experiments
Condition Experimental Conditions Covered by
Experiments

UN Upregulation at nitrogen/ammonium limitation/starvation*® 3,5and 6

DN Downregulation at nitrogen/ammonium limitation/starvation 3,5and 6

ucC Upregulation at carbon/glucose limitation/starvation 3,5and 6

DC Downregulation at carbon/glucose limitation/starvation 3,5and 6

DH Downregulation at HAP4 deletion mutants 1 and 4

UR2-DR1 Upregulation at higher dilution rates 1and 7

DR2-UR1 Downregulation at higher dilution rates land 7

UN-DC * Upregulation at nitrogen/ammonium limitation with respect to 1 and 2

carbon/glucose limitation
DN-UC ¢ Downregulation at nitrogen/ammonium limitation with respect 1 and 2
to carbon/glucose limitation

* Starvation condition applies only for Experiment 5.
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ORF Gene Expl Exp2 Exp3 Exp4 | Exp5 | Exp6 Exp7
YBRI139W YBRI139W - - UN - - UN -
YBR208C DURI,2 - - UN - - UN -
YDL239C YDL239C | DR1-UR2 - UN - - UN | DRI-UR2
YDRO090C YDRO090C - - UN - - UN -
YGR190C YGR190C - - UN - - UN -
YHLO16C DUR3 DR1-UR2 - UN - UN UN DR1-UR2
YHRO029C YHRO029C - - UN - - UN -
YHRO37W PUT2 - - UN - - UN -
YILOSOW YILOSOW | DR1-UR2 - UN - - UN | DRI-UR2
YIL168W SDL1 - - UN - - UN -
YIR027C DALI - - UN - - UN -
YIR028W DAL4 - - UN - UN UN -
YIR029W DAL2 - - UN - - UN -
YIR030C DCGl1 - - UN - - UN -
YIR031C DAL7 - - UN - - UN -
YJL172W CPS1 - - UN - - UN -
YJR152W DALS - - UN - UN UN -
YKRO034W DALSO - - UN - - UN -
YKRO39W GAPI - - UN - - UN -
YLRO53C YLRO53C - - UN - UN UN -
YLR142W PUTI1 - - UN - - UN -
YLR299W ECM38 DR1-UR2 - UN - - UN | DRI-UR2
YMROS8C YMRO88C - - UN - - UN -
YMRO90OW YMRO090OW - - UN - - UN -
YMR170C ALD2 - - UN DH - UN -
YNL117W MLS1 - - UN DH - UN -
YNL142W MEP2 - - UN - - UN -
YOL128C YOL128C - - UN - - UN -
YOR313C SPS4 - - UN - - UN -
YOR348C PUT4 - - UN - - UN -
YPR194c opt2 - - UN - - UN -
YIR032C DAL3 DH - UN - - UN -
YBRO54W YRO2 - UN-DC - - UN - -
YHR094C HXT1 UN-DC | UN-DC DC - - DC -
YDR345C HXT3 UN-DC - DC - - DC -
YERO028C YERO028C UN-DC - DC - - - -
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YGL157W YGLI157W UN-DC - DC - - DC -
YGR138C TPO2 - UN-DC DC - - DC -
YCRO084C TUP1 - - DC - - DC -
YER188W YER188W - - DC - - DC -
YGL209W MIG2 - - DC - - DC -
YHLO028W WSC4 - - DC - - DC -
YHR092C HXT4 - - DC - - DC -
YLR452C SST2 - - DC - - DC -
YORO047C STDI - - DC - - DC -
YPL245W YPL245W - - DC - - DC -
YPR156C TPO3 - - DC - - DC -
YDRS508C GNP1 - - DN - - DN -
YFRO053C HXK1 DN-UC | DN-UC ucC - - uC -
YGR243W YGR243W | DN-UC | DN-UC ucC - UN ucC -
YLR327C YLR327C DN-UC | DN-UC ucC - - uC -
YMRO81C ISF1 DN-UC | DN-UC ucC - - ucC -
YOR374W ALD4 DN-UC | DN-UC 8@ - - uC -
YCL040W GLK1 DN-UC | DN-UC - - - - -
YDR342C HXT7 DN-UC | DN-UC - - - - -
YDR343C HXT6 DN-UC | DN-UC - - - - -
DN-UC
and
YGR174C CBP4 URI-DR2 | DN-UC - - - - URI-DR2
YBR299W MAL32 DN-UC - ucC - - uC -
YDLO079C MRK1 DN-UC - ucC - - ucC -
YDR216W ADRI1 DN-UC - ucC - - - -
YERI21W YERI21W DN-UC - ucC - - - -
YFRO17C YFRO17C DN-UC - ucC - - uC -
YGRO067C YGRO067C DN-UC - ucC - - - -
YGR289C MALL11 DN-UC - ucC - - ucC -
YIL155C GUT2 DN-UC - ucC - - - -
YKLO093W MBR1 DN-UC - ucC DH - - -
YKL187C YKL187C DN-UC - ucC - - - -
YKL217W JEN1 DN-UC - ucC - ucC uC -
YBRO68C BAP2 DN-UC - DN-UC - - - -
Suc4 SUC4 - - ucC - - ucC -
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UN

and
YALO54C ACS1 - - ucC DH ucC -
YCRO10C YCRO10C - - ucC - ucC -
YDR256C CTAl - - ucC - ucC -

UN

and
YGR236C YGR236C - - ucC - ucC -

UN

and
YHRO096C HXTS5 - - ucC - ucC -
YIL057C YILO57C - - ucC - UN ucC
YIL160C POTI - - ucC - ucC -
YIL162W SUC2 - - ucC - - ucC
YMRO096W SNZ1 - - ucC - ucC -

UN

and
YMRI107W YMRI107W - - ucC - ucC -
YMR206W YMR206W - - ucC - - ucC
YNLOOOW IDP3 - - ucC - ucC -
YNL194C YNL194C - - ucC - ucC -
YNL202W SPS19 - - ucC - ucC -
YNRO002C FUN34 - - ucC - ucC -
YNRO34W SOL1 - - ucC - - ucC

UN

and
YOR100C CRCl1 - - ucC - ucC -
YPL147W PXALl - - ucC - ucC -
YPL248C GAL4 - - ucC - - ucC
YPROO2W YPROO2W - - ucC - - ucC
YPRO30W YPRO30OW - - ucC - - ucC
YERO067W YERO67W - DN-UC ucC - - ucC
YBL045C COR1 DH DN-UC - DH - -
YBLO030C PET9 DH - - DH - -
YBRO39W ATP3 DH - - DH - -
YDL004W ATP16 DH - - DH - -
YDR298C ATPS DH - - DH - -
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YDR322C-A | TIMI1 DH DH -
YDR377TW ATP17 DH DH -
YDR529C QCR7 DH DH -
YEL024W RIP1 DH DH -
YGLIS7C COX4 DH DH -
YGLI91W COX13 DH DH -
YGR183C QCRY DH DH -
YHROOIW-A | QCR10 DH DH -
YHRO51W COX6 DH DH -
YIL102W MEF2 DH DH -
YJL103C YIL103C DH DH -
YKLO016C ATP7 DH DH -
YLLOOIW DNMI DH DH -
YLRO038C COX12 DH DH -
YLR395C COX8 DH DH -
YMLOSIC-A | ATPI8 DH DH -
YMR256C COX7 DH DH -
YNLO52W COX5A DH DH -
YNL284C MRPL10 DH DH -
YNL315C ATPI11 DH DH -
YORIS7TW TUF1 DH DH -
YPL271W ATPI5 DH DH -
YPRO20W ATP20 DH DH -
YPRIOIW QCR2 DH DH -
YBRO4SW RPSIIB | URI-DR2 : URI-DR2
YPL227C ALG5 URI-DR2 _ URI-DR2
YDL100C ARR4 URI-DR2 - URI-DR2
YJR098C YJR098C | URI-DR2 - URI-DR2
YNL310C YNL310C | URI-DR2 - URI-DR2
YBRI171W SEC66 URI-DR2 ; URI-DR2
YNL108C YNL108C | URI-DR2 - URI-DR2
YKL097C YKL097C | URI-DR2 - URI-DR2
YDRO023W SESI URI-DR2 : URI-DR2
YER146W LSM5 URI-DR2 ; URI-DR2
YELO56W HAT2 URI-DR2 - URI-DR2
YMR235C RNAI URI-DR2 _ URI-DR2
YGL076C RPL7A URI-DR2 - URI-DR2
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YDL105W

QRI2

UR1-DR2

UR1-DR2

YGL0O97W

SRM1

URI-DR2

UR1-DR2

YKLO036C

YKLO036C

UR1-DR2

UR1-DR2

YHR062C

RPP1

URI-DR2

UR1-DR2

YNLI181W

YNLI8IW

UR1-DR2

UR1-DR2

YEROO6W

NUGI

URI-DR2

UR1-DR2

YBLO039C

URA7

UR1-DR2

URI1-DR2

YPR110C

RPC40

UR1-DR2

UR1-DR2

YORO092W

ECM3

UR1-DR2

URI1-DR2

YJR147TW

HMS2

UR1-DR2

UR1-DR2

YCRO034W

FEN1

UR1-DR2

URI1-DR2

YJR069C

HAMI1

UR1-DR2

URI1-DR2

YLL034C

YLL034C

URI-DR2

URI-DR2

YDR144C

MKC7

UR1-DR2

URI1-DR2

YOR243C

PUS7

URI-DR2

URI-DR2

YGR123C

PPT1

UR1-DR2

URI1-DR2

YLR401C

YLR401C

URI-DR2

URI-DR2

YNLI175C

NOP13

URI-DR2

URI-DR2

YPL266W

DIM1

UR1-DR2

URI1-DR2

YGR173W

YGR173W

URI-DR2

URI-DR2

YDR408C

ADES

URI1-DR2

URI1-DR2

YKL143W

LTV1

URI-DR2

URI-DR2

YJL200C

YJL200C

URI-DR2

URI-DR2

YORI199W

YOR199W

URI1-DR2

URI1-DR2

YFRO005C

SADI

URI-DR2

URI-DR2

YGLI121C

GPG1

DR1-UR2

DR1-UR2

YDRO070C

YDRO070C

DR1-UR2

DR1-UR2

YBL048W

YBL048W

DR1-UR2

DR1-UR2

YGRO88W

CTT1

DRI1-UR2

DRI1-UR2

YOL084W

PHM7

DR1-UR2

DR1-UR2

YORI173W

YOR173W

DRI1-UR2

DR1-UR2

YMR250W

GAD1

DR1-UR2

DR1-UR2

YMR181C

YMR181C

DR1-UR2

DR1-UR2

YOL153C

YOL153C

DR1-UR2

DR1-UR2

YGRO066C

YGRO066C

DRI1-UR2

DR1-UR2

YPRO77C

YPRO77C

DR1-UR2

DR1-UR2

YLLO020C

YLL020C

DRI1-UR2

DR1-UR2
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YGL156W

AMS1

DR1-UR2

DRI1-UR2

YMR173W

DDR48

DR1-UR2

DRI1-UR2

YLLO020C

YLL020C

DR1-UR2

DRI1-UR2

YILO17C

VID28

DR1-UR2

DRI1-UR2

YGRO008C

STF2

DR1-UR2

DRI1-UR2

YGL166W

CUP2

DR1-UR2

DRI1-UR2

YDRO01C

NTH1

DR1-UR2

DR1-UR2

YGL09%6W

TOS8

DR1-UR2

DRI1-UR2

YELO11W

GLC3

DR1-UR2

DR1-UR2

YGRO70W

ROM1

DR1-UR2

DRI1-UR2

YLR431C

YLR431C

DR1-UR2

DR1-UR2

YPRO26W

ATH1

DR1-UR2

DR1-UR2

YJR161C

COS5

DR1-UR2

DR1-UR2

YORO31W

CRS5

DRI1-UR2

DR1-UR2

YILO97TW

FYV10

DR1-UR2

DR1-UR2

YKL188C

PXA2

DR1-UR2

DR1-UR2

YLR311C

YLR311C

DR1-UR2

DR1-UR2

YDR313C

PIB1

DR1-UR2

DR1-UR2

YIR155W

AADI10

DR1-UR2

DR1-UR2

YLR457C

NBP1

DR1-UR2

DR1-UR2

YHR171W

APG7

DR1-UR2

DR1-UR2

YLR271W

YLR271W

DR1-UR2

DR1-UR2

YDR319C

YDR319C

DR1-UR2

DR1-UR2

YDR525W-A

SNA2

DR1-UR2

DR1-UR2

YBR169C

SSE2

DR1-UR2

DR1-UR2

YORI161C

YORI161C

DR1-UR2

DR1-UR2

YDR208W

MSS4

DR1-UR2

DR1-UR2

YILO77C

YILO77C

DR1-UR2

DR1-UR2

YOR366W

YOR366W

DRI1-UR2

DR1-UR2

YCLO052C

PBN1

DR1-UR2

DR1-UR2

YEL023C

YEL023C

DR1-UR2

DR1-UR2

YDL138W

RGT2

DR1-UR2

DR1-UR2

YPL274W

SAM3

DR1-UR2

DR1-UR2

YNL192W

CHS1

DR1-UR2

DR1-UR2

YMR305C

SCW10

DR1-UR2

DRI1-UR2

YNL156C

YNL156C

DR1-UR2

DR1-UR2

YOR296W

YOR296W

DRI1-UR2

DR1-UR2
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YNL225C

CNM67

DR1-UR2

DRI1-UR2

YPLO082C

MOT1

DR1-UR2

DRI1-UR2

YLR396C

VPS33

DR1-UR2

DRI1-UR2

YBLO17C

PEP1

DR1-UR2

DRI1-UR2

YIL159W

BNRI1

DR1-UR2

DRI1-UR2

YOR285W

YOR285W

DR1-UR2

DRI1-UR2

YOR219C

STE13

DR1-UR2

DR1-UR2

YNLO020C

ARK1

DR1-UR2

DRI1-UR2

YJRO55W

HIT1

DR1-UR2

DR1-UR2

YPL020C

ULP1

DR1-UR2

DRI1-UR2

YDRS507C

GIN4

DR1-UR2

DR1-UR2

YKLO048C

ELM1

DR1-UR2

DR1-UR2

YLRO067C

PET309

DR1-UR2

DR1-UR2

YFLO034W

YFLO034W

DR1-UR2

DR1-UR2

YBRO10W

HHT1

DR1-UR2

DR1-UR2

YORI155C

ISN1

DR1-UR2

DR1-UR2

YNRO5S9W

MNT4

DR1-UR2

DR1-UR2

YMR172W

HOT!1

DR1-UR2

DR1-UR2

YJL166W

QCRS8

DR1-UR2

DR1-UR2

YLR324W

YLR324W

DR1-UR2

DR1-UR2
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APPENDIX C: ALGORITHM OF PREDPOWER

In Figure C.1, two networks with several nodes and edges are given. The algorithm
analyses each node in Network 1 assuming that it has no relation to Network 2 (which is
equivalent to a gene with no annotation). The nodes of Network are given in parentheses

“()” and nodes of Network 2 are given in brackets “[ ]” in the following paragraphs.

Classification
3 Network

P N
BBV R BN
/IEI
\G)/@(
®
/

Biological
Network

Figure C.1. General structure of networks processed by PredPower

First step of the algorithm is making a list of relations for each node from Network 1
to Network 2. The relations of the node itself is omitted (assuming that it has no relations)
and only the relations from its neigbors to Network 2 are taken into consideration. (3) and
(2) are the neighbors of (1) in Network1, and they are related to [3], [6], and [9]. Thus, the
relation list of node (1) consists of three relations to [3], [6], and [9]. Table C.1 is

constructed for all nodes from Network 1.

For the given two networks, N = 7, the other parameters are given on Tables C.2 and
C.3. These values are used to calculate the p-values on Table C.4 as in Equation C.1. In

Table C.4, the new relations are listed and compared to the existing ones.:



where ¢ = G/N

n

p=Z(J'

Jj=x

=)
n—j)!

G: Number of all nodes from Network] related to a specific node in Network?2.

N: Number of all nodes in Network1

n: Number of neighbors of a node in Network1

x: Number of neighbors of a node from Networkl that has relation to a specific node in

Network?2.
Table C.1. List of Relations for Nodes of Network1 to Network2
Network1 Network2 Network1 Network2

€)) [2] (G)) [2]
€)) [ 6] ) [6]
€)) [9] (G) [9]
2 (8] o) [2]
(2) [5] ) [ 6]
(2) [2] &) [9]
(2) [6] (6) [2]
(2) 9] (6) [6]
3) [6]x2 (6) [9]
3) (8] @) [6 ]
3) 9] @) [10]x 2
3) [10]x2

Table C.2. Values of parameters “n” and “G”

Nodes n Nodes G
€)) 2 [1] 0
(2) 2 (2] 1
3) 5 [3] 0
) 1 [4] 0
5) 2 [5] 1
(6) 2 [6] 3
() 2 [7] 0

(8] 1
[9] 2
[10] 2
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Table C.3. Values of parameter “x”

(2] (3] [7]
1 0 0

—_
—
(o)
—
e}
—
—
—
e
—

M
2
3)
“)
€)]
(6)
)

OOOOOOOU
[

OOOOOOO'E
.
|t | |t | DND | bt | e [T
OOOO'—"—‘OE
L

O = | = | = | = | = | = |

(e} fer) Feu)l fen) Fa) Ran) Ran )

O === [ | =
[} kel e} el Ranl N
(=} i) fe) fer) faul) s
N OO |IO

Table C.4. P-value

(11 |21 (3] [[4] |51 (6] [[7] (8] |[9] |[10]

(1) 1.00 | 0.27 | 1.00 | 1.00 | 1.00 |0.67 | 1.00 |1.00 |0.49 |1.00

(2) 1.00 [ 0.27 |1.00 | 1.00 |0.27 ]0.67 | 1.00 |0.27 |0.49 | 1.00

3) 1.00 [1.00 |1.00 | 1.00 |1.00 ]0.71 |1.00 | 0.54 | 0.81 | 0.44

“4) 1.00 | 0.14 | 1.00 | 1.00 | 1.00 |0.43 |1.00 |1.00 |0.29 |1.00

(5) 1.00 | 0.27 | 1.00 | 1.00 | 1.00 |0.67 | 1.00 |1.00 |0.49 |1.00

(6) 1.00 | 0.27 | 1.00 | 1.00 | 1.00 |0.67 | 1.00 |1.00 | 0.49 |1.00

(7) 1.00 | 1.00 | 1.00 | 1.00 | 1.00 |0.67 | 1.00 |1.00 |1.00 | 0.08

Table C.5. Comparison of new relations with the existing relations

New Relation Comparison
Networkl | Network2 | p-value | Correct?
(1) [2] 0.27 No
(1) [6] 0.67 No
(1) [9] 0.49 No
(2) [2] 0.27 Novel
(2) [5] 0.27 Novel
(2) [6] 0.67 Novel
2) [8] 0.27 Novel
2) [9] 0.49 Novel
3) [6] 0.71 Yes
(3) [8] 0.54 No
3) [9] 0.81 Yes
(3) [10] 0.44 No
(4) [2] 0.14 No
(4) [6] 0.43 Yes
(4) [9] 0.29 Yes
(5) [2] 0.27 No
(5) [6] 0.67 Yes
(5) [9] 0.49 No
(6) [2] 0.27 No
(6) [6] 0.67 No
(6) [9] 0.49 No
7 [6] 0.67 Novel
(7) [10] 0.08 Novel
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Table C.6. Evaluation of results (p < 0.99)

Fraction of known nodes with an estimated relation 5/5 1.00
Fraction of correctly estimated relations 5/16 | 0.31
Fraction of known nodes with a correctly estimate relation 3/5 0.6

Table C.7. Evaluation of results (p < 0.50)

Fraction of known nodes with an estimated relation 5/5 1.00
Fraction of correctly estimated relations 2/16 0.13
Fraction of known nodes with a correctly estimate relation 1/5 0.20

The steps given above considers only the direct annotations. The same procedure
applies when neighboring terms are needed to be included. Table C.1 is modified to cover
the neighboring terms and all steps are repeated. List of modified relations for Node (1)

with first neighbors included case is given in Table C.8.

Table C.8. List of relations for nodes of Network1 to Network?2

Networkl | Network2
) [1]
(1) [2] x2
1) [3]
€)) [ 6]
) [7]
) [9]
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APPENDIX D: NOVEL ANNOTATIONS VIA PREDPOWER

The novel annotations made for unknown ORFs are presented in Tables D.1 and D.2.

In Table D.1, GO biological process terms are assigned to ORFs with unknown biological

process and in Table D.2. GO molecular function terms are assigned to ORFs with

unknown molecular function. Only first few rows of Table D.1 is presented here, please

refer to attached CD for the complete tables saved with the name AppendixD.doc.

ORFs are assigned the terms “biological process unknown” or “molecular function

unknown” if the ORFs with similarity to those ORFs are also unknowns. These type of

annotations will be removed from PredPower in future versions.

Table D.1. Biological Process Terms Annotated to Unkown ORFs by PredPower

ORF Term | ORF Term P-value
34 | 7046 | RBGI ribosome biogenesis 1.2E-10
34 | 16070 | RBGI RNA metabolism 7.8E-10
34 | 7028 | RBGI cytoplasm organization and biogenesis 1.2E-09
34 | 42254 | RBGI ribosome biogenesis and assembly 1.2E-09
34| 6364 | RBGI rRNA processing 1.6E-08
571 5975 | YALO61W carbohydrate metabolism 5.3E-15
57 | 44262 | YALO61W cellular carbohydrate metabolism 7.1E-14
57 | 6091 | YALO61W generation of precursor metabolites and energy 9.4E-13
57 | 15980 | YALO61W energy derivation by oxidation of organic compounds 5.1E-11
57 6066 | YALO61W alcohol metabolism 6.2E-11
57 | 50896 | YALO61W response to stimulus 1.6E-09
57| 5996 | YALO61W monosaccharide metabolism 3.3E-09
57 6950 | YALO61W response to stress 1.2E-08
60 4 | YAL064W biological process unknown 5.0E-08
73 8202 | PAU7 steroid metabolism 4.1E-12
73 6694 | PAU7 steroid biosynthesis 1.2E-11
73 | 16125 | PAU7 sterol metabolism 1.6E-11
73 | 16126 | PAU7 sterol biosynthesis 5.2E-11
73 6696 | PAU7 ergosterol biosynthesis 1.6E-08
73 8204 | PAU7 ergosterol metabolism 1.6E-08
88 128 | YAR062W flocculation 1.9E-08
88 501 | YAR062W flocculation (sensu Saccharomyces) 1.9E-08
88 | 16339 | YAR062W calcium-dependent cell-cell adhesion 1.9E-08
88 | 7157 | YAR062W heterophilic cell adhesion 8.3E-08
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APPENDIX E: MATLAB CODE OF PREDPOWER

The MATLAB code of PredPower is given in the attached CD as .m files under the
directory “AppendixE”. Sample networks are also available to test the software. Please

refer to “readme.txt” file before running the programs.
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