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High throughput technologies such as microarrays and modern genome
sequencers produce enormous amounts of data that require novel data processing. This
thesis proposes a method called Interdependent Correlation Cluster (ICC) to analyze the
relations between genes represented by microarray data that are conditioned on a specific
target gene. Based on Correlation Clustering, the proposed method analyzes a large set of
correlation values related to the gene expression profiles extracted from given microarray
datasets. The proposed method works on any size microarray datasets and could be
applied to any target gene. In this study the selected target gene, NSF1 /USV1 /
YPL230W, encodes a poorly characterized C2H2 zinc finger transcription factor (TF)
involved in stress responses in yeast. The method is successful in the identification of
novel NSF1 functional roles during fermentation stress conditions in the M2 industrial
yeast strain. The new identified functions include regulation of energy and sulfur
metabolism, protein synthesis, ribosomal assembly and protein trafficking as well as
other processes. NSF1 involvement in sulfur metabolism was experimentally confirmed
using biological laboratory techniques. Importantly, implication of NSF1 in sulfur
metabolism regulation has highly relevant implications to wine and beer production

industries concerned with production of compounds having sulfur-like off odour (SLO)
and toxic properties. The correlation clustering also provides a means of understanding
complex interactions existing between genes.
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CHAPTER 1: Preamble and Rationale for Thesis Objectives
1.1 Introduction
The rapid generation of data in fields of biology and medicine made its
interpretation a topic central to many data exploratory disciplines including statistical
analysis, data mining and machine learning. Key examples include sequence analysis,
evolution of genomes and gene clustering actively pursued by the scientific community
(Donoho, 2000).
Biologists frequently require means to study the functions of a particular gene under
specific conditions on a global scale. A specific challenge is to analyze genome-wide
gene expression data obtained with microarray technology.

In spite of the many

statistical methods available, microarray data analysis is still highly complex. When
analyzing microarray data, one is faced with a large set of correlation values but a limited
number of available analysis methods. Traditional statistical methods are not suitable for
such data analysis because the number of samples is often quite small. A novel technique
employed in this pursuit is Correlation Clustering (Bansal et al., 2002). This technique
does not require prior definition of the number of clusters for data partitioning and
focuses on the interaction existing between nodes partitioned into several clusters.
Correlation Clustering seeks to find an ‘optimal’ number of clusters by maximizing
similarity between data points within a given cluster. Its main objectives are to maximize
agreements and to minimize disagreements between data points within a given graph.
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The formal problem being solved is formulated by beginning with a given graph of n
vertices and m edges with (+) or (-) labels representing agreements and disagreements
and then finding the best way to partition the graph so that the number of (+) edges
within the clusters and number of (-) edges between clusters are maximized (Bansal et
al., 2002).
This research proposes a novel method based on Correlation and Complete-Link
clustering that aims to form highly interconnected network of genes conditioned on a
target gene. The genes in this network are interconnected based on Pearson’s correlation
coefficient (PCC) as gene expression profile similarity measure. Thus, the properties of
edges rather than properties of vertices are emphasized by the method.

1.2 Hypothesis and Objectives
The main objective of this thesis is to develop a direct and simple method to study
the functions and biological roles of poorly characterized genes by identifying potential
biological pathways in which they function through the application of a simple method
based on Correlation and Complete-Link clustering. The work is based on the premise
that genes with similar expression profiles tend to share common biological functions and
cluster together (Cho et al., 1998; Eisen et al., 1998; Tamayo et al., 1999). The method
was applied to a highly specific biological problem that involves understanding of the
mechanism of the action and the roles of NSF1 under fermentation stress conditions. In

2

addition, the proposed method could also be expanded to identify tight clusters of genes
in the broader context of the entire genome represented by a microarray dataset.
The hypotheses of this thesis study span both data mining and traditional biology
laboratory methods. First, we hypothesize that application of a Correlation Clusteringbased method using Pearson’s correlation coefficient (PCC) as a similarity measure of
expression profiles yields a meaningful complete-link cluster. This cluster, represented as
a maximal clique of co-expressed genes, provides the functional context of NSF1 during
fermentation. Second, we make use of the previously established NSF1 functional roles
related to stress response during fermentation (Marks et al., 2008).
The main objectives are to:
·

Develop and validate an efficient Correlation Clustering-based method using
the similarity of expression profiles measured by PCC values,

·

Expand our understanding of NSF1 gene function in industrial S. cerevisiae
Vin13 and M2 strains during fermentation by finding the largest maximal
clique cluster,

·

Establish impact of Nsf1p on genome-wide gene expression during the
fermentation process with possible implications related to wine quality, and

·

Use biological laboratory methods to verify a functional role of NSF1
predicted by the proposed Correlation Clustering-based method

3

1.3 Thesis Contributions
This thesis provides interdisciplinary contributions spanning both data mining and
applied biology disciplines. First, Interdependent Correlation Clustering (ICC) algorithm
based on Correlation Clustering method (Bansal et al., 2002) for finding ‘tight’ coexpressed clusters of genes conditioned on a target gene is proposed and evaluated on
several datasets. Second, the ICC algorithm predictions are verified and confirmed by
biological experiments specifically for NSF1 (YPL230W) involvement in sulfur
metabolism. Third, additional functions of poorly characterized gene, NSF1, under
fermentation stress conditions are proposed.
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CHAPTER 2: Background and Literature Review
2.1 Overview of Microarray Technology
Microarrays represent a novel high throughput technology that allows for the
simultaneous measurement of gene expression levels of thousands of genes. One
microarray chip generates an immense amount of data representing a whole
transcriptome snapshot of a cell at a given time or condition. Typically, microarrays
contain thousand of unique spots (i.e. features). The spots contain millions of identical
genomic DNA or short oligo-nucleotide sequences corresponding uniquely to target
genes. The microarray spots are applied typically to a glass slide or other support material
by a robot in a dust free environment. There are many experimental setups in which
microarray technology could be used: a) comparison between a few conditions or groups;
b) time-course experiments; c) combination of both.
A typical microarray experimental flow consists of extraction of high quality total
RNA from cells, followed by conversion to cDNA and in-vitro labelling of mRNA with
specific dyes or conjugates (e.g Biotin). There are many dye labelling strategies
depending on chip manufacturer including use of red and green dye, single dye and dye
swapping between samples. The labelled sample is applied on top of the microarray chip
and allowed to hybridize with chip spots for at least 16 h. After hybridization, the chip is
washed and processed by a special scanner that excites every spot with a laser at a
specific wavelength based on sample labelling protocol (see Figure 2.1). The microarray
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scanner generates a final image that is typically saved in TIFF image format for future
analysis. The image processing software then identifies the location of each spot, assigns
absolute signal values associated with each spot considering various background
subtraction techniques, and finally stores expression data in the platform specific format.
These expression files are usually further processed by specific normalization algorithms
that pull gene expression data across multiple chips by taking into account variations in
signal across multiple arrays, hybridization bias, un-even labelling, and background
levels across arrays. The normalization and microarray data processing algorithms return
‘clean’ and ‘normalized’ gene expression data that could be easily manipulated and
visualized using conventional tools and software.

6

Figure 2.1: Microarray technology general workflow and data analysis options.
options. The workflow aassumed single dye labelling technique for each condition.
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2.2 Microarray Data Structure
There are four main ways to represent gene expression data. It is important to
identify the scale used to represent gene expression data before running any further data
analysis to avoid meaningless results. The main ways to represent gene expression data
include:
1. Absolute normalized measurement. The absolute values expressed in arbitrary
intensity units can only be compared if the normalization step across microarrays
was completed. Comparison of un-normalized absolute expression values is
meaningless as variation in signal could be attributed to many external factors
including different amount of sample applied, differences in hybridization
efficiencies, and other factors. The absolute gene expression values could be
represented in decimal, log2 and log10 scales.
2. Ratio of gene expression values between two groups. The ratio is usually
expressed in log2 scale as it allows easy identification of genes that are upregulated, down-regulated or show no change in expression across sample groups.
For example, if the ratio between genes across two groups is zero, the log2(0) will
be equal to zero representing no change. The downside of this method is that it is
impossible to convert the expression ratio into absolute expression values since
the numerically identical result will be obtained for 50/10 and 500/100 ratios, for
example
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3. Discrete values. Another way to represent experimental gene expression data is
by converting each absolute expression value into one of the discrete expression
values representing each category. For example, if discrete set of values is {+1,0,1} corresponding to up-regulated (+1), down-regulated (-1) and no-change (0)
genes, then every absolute gene expression value could be discretized based on
the gene expression ratio between the two groups.
4. Gene expression profile (time series). The above 3 representations treat each
cell of the expression profile individually. The 4th representation treats each row
of the expression matrix as a vector of absolute gene expression values that
represent a gene profile. The gene expression profile for genei could be
represented as Pi=[x1, x2, x3, x4, … xn] where x represents the absolute expression
value at given experimental condition or time point. The gene expression profiles
are very useful in time-course experiments and are the main focus of this thesis
work.

2.3 Common Similarity Measures
Similarity measures are frequently used to work with gene expression data
represented as expression profiles. Most post-microarray data analysis involves
comparison of expression profiles and clustering based on distance function (see Figure
2.1). To measure similarity and relatedness between genes, it is necessary to establish a
suitable measure that can most accurately and relevantly capture the desired experimental
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characteristic(s). The selection of a particular similarity measure is dependent on
experimental design and data.

2.3.1

Pearson’s correlation coefficient (PCC)
One of the most popular ways to measure similarity/dissimilarity between

expression profiles is by Pearson’s correlation coefficient. The main value of Pearson’s
correlation coefficient (PCC) is its ability to compare expression profiles based on shape
rather than on absolute magnitude differences. Given the expression profiles of gene A
and gene B, the PCC is calculated based on the following formula:
( )=

∑ (
∑ (

− )∗(

− ) ∗

∑

− )
−

The numerator of the formula centres the expression profiles around their respective
means. This ‘mean centring’ of each profile does not change the profile shape but
normalizes them accrdingly so that the profile comparison is based solely on the shape
and not on the absolute magnitude differences of the expression values.

2.3.2

Shannon’s Entropy as Information Measure
The similarity between expression profiles could be estimated by Shannon’s entropy

using discrete values. The entropy function measures amount of ‘information’ that could
be gained from one expression profile to ‘predict’ the behaviour of the other by
comparing two profiles across n conditions or time points.
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Pi

is the occurrence

probability of a particular state. In the case of an expression profile discretized into -1, +1
and 0 values, there are a total of i=3 states that can occur. Given the expression profiles
corresponding to genes A and B, it is possible to calculate the respective probability
values corresponding to state +1,-1 and 0 occurring at each condition n.

(

)= −

∗

In general, high Shannon’s entropy values are indicative of high similarity of
expression profiles. The downside of this method is the loss of information associated
with discretization of expression data.

2.4 Complexity of Biological Data
Technological advancements had made available vast amounts of data that need
efficient approaches for analysis using computational approaches. One example is
publically available databases of microarray and protein-protein interaction data such as
the Gene Expression Omnibus (GEO) and the Biological General Repository for
Interaction Datasets (BioGRID). A typical dataset obtained from the above resources is
complex, represented by thousands of features that make application of traditional
statistical methods difficult or meaningless due to a number of reasons termed as ‘curse
of high-dimensionality’ by Richard E. Bellman. The main problem with analysis of
complex datasets is the diluted and sparse data since the total data space volume rapidly
increases with the number of dimensions. To make statistically significant analysis, the
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number of repeated samples should be large to compensate for sparse data and large
volume of the data space. Unfortunately, that is not possible in most cases due to relative
high costs of the technology such as microarrays and extremely large number of features.
The number of data required to support traditional statistical hypothesis grows
exponentially as number of dimensions increases (Bellman, 1957).

2.5 Some Difficulties with Complex Data Analysis
Complex data spaces are not suitable for analysis using common statistical
approaches. Fortunately, there are a number of dimensionality reduction techniques used
to reduce the dimension of a given dataset. Some of them include popular Principal
Component Analysis (PCA) and graph based methods. PCA uses correlation matrix and
constructs eigenvectors that best explain variation observed in the dataset. The first
eigenvectors usually capture the largest variations observed in the dataset. Nevertheless,
some local variation is inevitably lost. Graph based methods use particular thresholds and
represent relationships between dataset features in a form of interconnected network
(graph).

Below, typical clustering approaches and their application to biological

problems will be briefly introduced.

2.6 The Needs of Biological Data Interpretation
As mentioned previously, high-throughput technologies (e.g. microarray and protein
chips) generate an immense amount of values corresponding to each gene with lots of
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hidden biological meaning(s). Early efforts were focused on the extraction of useful
information from such complex datasets by identifying differentially expressed genes
between experimental groups. This approach was extremely efficient in identification of
potential drug targets and disease related biological markers. Nevertheless, this approach
considered only one time point and failed to exploit the variety of cell states during the
course of experiment. In other words, a single time point fails to provide a complete
picture of the entire genome regulation and might miss an important detail of cell
regulation under a specific condition.
A more natural way to organize microarray data is to group genes based on
expression profiles. Pearson’s correlation coefficient (PCC) can effectively capture
similarity between n-dimensional vectors represented by a time-series of nmeasurements. PCC captures intrinsic notion of ‘co-expressed’ genes having similar
expression profiles.
Genes belonging to the same pathway or sharing a common function tend to be coexpressed (Eisen et al., 1998). Thus a natural way to study large and complex datasets is
to extract useful information by grouping data into clusters through application of
clustering algorithms. In the biological context, clusters represent a neighbourhood of coexpressed genes or proteins. Recent studies have shown that co-expressed genes share
common biological functions and tend to have common protein-protein interaction
partners that provide an empirical meaning to clusters (Grigoriev, 2001). Thus,
application of clustering techniques in the context of complex datasets is very useful by
13

simplifying data interpretation, providing new means to study unknown genes and
identify new biological pathways.

2.7 Introduction to Clustering
Grouping of objects into defined sub-groups is an intuitive task. For example,
students may be grouped based on study major or common interests. Similarly genes
sharing similar biological function can be grouped together into discrete sub-groups. All
clustering approaches aim to divide given data into sub-groups (i.e. clusters). Thus
clustering is a task of partitioning data into arbitrary groups (i.e. clusters) based on a
defined similarity function or measure. To assign a particular data point into a particular
cluster, that data point should be more similar to existing objects in the cluster and
dissimilar to other objects outside the cluster. Clustering techniques are frequently used
in many fields including bioinformatics, medicine, pattern recognition, statistics, data
mining, machine learning and others. Even though clustering is not a novel concept, there
is yet no solid definition of a cluster. There are numerous algorithms and approaches that
use different metrics and similarity measures to cluster data. In many cases, clustering is
used to compress and extract useful information from vast amounts of data.
Working with complex dimensional data (e.g. microarray data) presents novel
challenges to the clustering algorithms. High dimensional data clustering is currently an
active research area (Hans-Peter et al., 2009). Some of the challenges, especially if
clustering biological data, include existence of irrelevant features, inability to capture
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meaningful correlations between features and existence of localized data subspaces
(Hans-Peter et al., 2009). In addition, some similarity measures are not meaningful in
clustering high-dimensional data. Most common approaches used to cluster highdimensional data include pattern clustering, sub-space clustering and Correlation
Clustering (Hans-Peter et al., 2009). Sample applications of high-dimensional data
clustering include gene expression analysis (microarrays), customer recommendation
systems, text analysis of related web-pages (Hans-Peter et al., 2009).

2.8 Brief Review of Clustering Methods
Clustering is a non-supervised method to group genes into arbitrary clusters with
objects sharing common characteristics or patterns. Common clustering methods could be
subdivided into three main categories: hierarchical, partitional (non-hierarchical) and
model based clustering.

2.8.1

Hierarchical Complete-Link Clustering
Hierarchical clustering groups objects based on similarity measure and outputs

phylogenetic tree displaying relationships between each object. This algorithm uses a
bottom-up approach by forming small clusters and subsequently merging them in n
number of iterations. The complexity of the algorithm is O(n2log(n)). There are mainly
three implementations of this algorithm: single-link, complete-link and average-link.
These algorithms are graph theory based approaches to cluster data.
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The single-link algorithm uses a local approach to merge two clusters by selecting a
pair of features closest together, coming from different clusters. The single-link algorithm
tries to maximize the local similarity function and thus tends to produce long, chained
clusters. In terms of graph-theory interpretation, two clusters will be linked only if they
pass a similarity threshold (s>sk).
The complete-link algorithm merges two clusters by applying a more global
approach by using a pair of features coming from different clusters that lie at the greatest
distance compared to other possible feature pairs. In each step, two clusters whose
merger results in the smallest diameter d are merged. In other words, complete-link
clustering merges any given clusters A and B by finding the maximum pairwise distance
between data points from cluster A and B. Thus, the aim of complete-link clustering is to
minimize the diameter d of a cluster. In terms of graph-theory, each cluster represents a
complete graph, also called maximal clique, of completely-linked features that pass the
defined similarity threshold (s>sk)(Manning, 2008). The downside of the complete-link
algorithm is its susceptibility to outliers that skew the cluster diameter minimization
function d.

2.8.2

Brief Review of Divisive Non-Hierarchical Clustering
Non-hierarchical, partitional clustering groups objects without considering

relationships between objects; rather, it aims to maximize specific performance
parameters such as the minimization of square distances between objects in a given
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cluster. The main aim of partitional non-hierarchical clustering is to partition objects into
clusters such that objects in a single cluster are more similar between themselves than to
other objects existing in other clusters. Common algorithms used in hierarchical
clustering include single, compete and average linkage algorithms, while commonalgorithms used in non-hierarchical clustering include k-means, k-medoids, Self
Organizing Maps (SOMs), Principal Component Analysis (PCA) and others.

2.9 Correlation Analysis as a Point Estimate
Many classical parametric statistical techniques, such as hypothesis testing, often
seek to estimate a specific population parameter, a point estimate, such as mean (µ) and
variance (σ). Given a set of correlation values from a representative sample it is possible
to conduct correlation analysis and estimate key population parameters even for nonnormal distributed populations.

2.9.1

Traditional Parametric Statistics in Hypothesis Testing
Statistical hypothesis testing evaluates a hypothesis about collected data using

assumptions of population distribution and other conditions. In a nut shell, the hypothesis
testing involves giving significance to an assumption about population parameters
between two groups, such as population mean (µ) and variance (σ), with estimation of
corresponding probabilities or confidence intervals. Let us assume that we are testing
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classification accuracy of OLD and NEW algorithms to classify cancerous and noncancerous skin tissues:
µold = classification accuracy of an old version of an algorithm
µnew = classification accuracy of a new algorithm
We want to estimate weather the classification accuracy of OLD and NEW algorithms is
statistically significant or not. For that purpose, the statistical hypothesis testing will
require completion of the following steps:
1) Formulation of null (Ho) and alternative (Ha) hypotheses. In our example the null
hypothesis Ho assumes that population means µold and µnew are same, while
alternative hypothesis Ha states that population means are different.
Ho: µold = µnew
Ha: µold < µnew or µold > µnew
2) Run OLD and NEW algorithms on N tissue samples and obtain accuracy scores.
Calculate sample means corresponding to OLD and NEW algorithms denoted
xˉ OLD and xˉ NEW respectively.
3) Estimate sampling distribution of mean accuracy scores

xˉ OLD of OLD

algorithm run N times. Calculate xˉ NEW of NEW algorithm run N times and
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find probability (PNEW) associated with xˉ NEW from distribution of

xˉ OLD

accuracy scores
4) If Pnew is lower than the established significance threshold (e.g. P<0.05), the null
hypothesis is rejected. If Pnew is larger than established threshold, then the Ha is
rejected and Ho is kept.

2.9.2

Parametric Statistics in Non-Normal Distributed Populations
Working with data and application of traditional statistical approaches require

knowledge of data distribution. Most traditional parametric statistical approaches assume
normal data distribution with characteristic bell-shaped curve. Mathematically, normal
distributions can be described by only two parameters: population mean µ and standard
deviation σ.
Central limit theorem states that distribution of means taken from any population
with any distribution, approaches normal distribution as number of drawn mean samples
(N) increases. Thus, the scope of central limit theorem allows one to apply traditional
statistical methods on original population that has non-normal distribution if number of
samples is sufficiently large.

2.9.3

Parametric Hypothesis Testing Applied to Samples of Correlation Values
The Pearson’s correlation coefficient (r) is not a metric but rather a descriptive

statistic that indicates degree of dependence and independence existing between two
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variables. The traditional distance function (metric) based approaches cannot be applied
directly when analyzing a set of correlation values due non-normal distribution.
Computing r between two vectors representing two variables is a trivial task, but
estimating whether calculated r values are statistically significant is not a simple task. To
measure statistical significance of the correlation existing between two variables,
traditional hypothesis testing introduced in section 2.9.1 could be still applied to a set of
correlation values. In order to do so, it is necessary to obtain sampling distribution of
given correlation values which is a challenging task. One option is to transform
correlation values to z-scores using Fisher’s r to z transformation. This transformation
produces approximately normal distribution of z-scores under a specific assumption of
normal distribution of variables themselves.
( ) = 0.5 ln
The standard error of a Fisher z transformed correlation could be computed using the
following formula where n is the sample size:
( )

=

√

The conventional z-test statistic can be calculated by comparing z-transformed
correlations corresponding to two samples sizes n1 and n2 using the following formula:
=

( )− ( )
1
−3+

1
−3

Thus, Fisher’s r to z test is designed to assign statistical significance to the difference
existing between two correlations corresponding to two independent populations.
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For example, consider two independent vectors x and y containing 30 values each
(see Figure 2.2). We want to figure out how statistically significant the two vectors x and
y are correlated. Furthermore, we assume that in case that two vectors are completely
independent their correlation will be rpredicted=0. The actual sample correlation between x
and y is rx,y=0.13. Finally we also assume that standard error in both cases when x and y
are dependent or completely independent is identical. The null hypothesis states that x
and y are independent H0. Conversely, the alternative hypothesis, Ha, will state that that x
and y are interdependent. Thus, the sample and predicted z-scores are z(rxy)=0.13 and
z(rpredicted)=0 with pooled standard error of σz(rxy)=

+

= 0.272. The calculated

z-score using the above formula is 0.478. Under the assumption of 95% confidence
interval, the critical values zcritical are -1.96 and 1.96. Since the obtained Z value of 0.478
is significantly lower than the critical value of 1.96 (i.e. z<zcritical), the Ha is rejected and
Ho is kept. This means that x and y variables appear to be independent and sample
correlation of rx,y = 0.13 is not significant to support statistically significant interdependency between vectors x and y.
The hypothesis testing of a set of correlation values allows the application of
traditional normal distribution-based approaches, but requires at least more than 30
values (N>30) for each variable to satisfy the central limit theorem requirements. In the
context of microarrays, each variable would refer to a gene. The limitation of the
parametric hypothesis testing approach is requirement of relatively large datasets.
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Figure 2.2: Scatter plot of x and y . Vectors x and y had 30 random values between 1 and 10. x=[ 1.1,
1.3, 7.7, 8.2, 4.1, 4.1, 4.2,10.0, 9.9, 5.7, 3.3, 2.5, 3.4, 6.7 9.1, 7.5 2.5 1.3 4.5 4.1 6.8 2.8 2.1 3.3
4.4 8.6 7.5 8.6 7.8 8.2] and y = [5.5, 5.5, 9.0, 6.0, 8.0, 3.2, 2.3, 9.7, 9.9, 7.1, 6.8, 9.4, 2.0, 2.8, 5.0, 2.2,
7.6, 1.2, 6.1, 3.0, 8.6, 9.0, 4.7, 7.5, 8.4, 6.1, 4.0, 8.4, 2.5, 2.1]
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2.10

Non-parametric Correlation Analysis
The strength of non-parametric approaches such as hierarchical and density-based

clustering lies in their minimal need of prior parameter specification such as number of
clusters. It can, however, present a possible danger of data over-fitting (Hans-Peter et al.,
2009)

2.10.1 Overview
Working with complex data is challenging as it stands. Addition of new variables in
the form of experimental time points represented as time-series of gene expression values
forms an additional challenge. Often, a common approach in analysis of time course
experiments is transformation of gene expression profiles into set of correlation values.
The following data mining approaches can be used to work with a set of correlation
values including methods based on the PCA algorithm, hybrid approaches, and subspace
clustering algorithms.

2.10.2 PCA-Based Methods
Most Correlation Analysis methods are based on transformation of the expression
data into eigenvector coordinate system with subsequent application of a classical
distance measure by application of the PCA algorithm. The aim of PCA application is to
reduce high dimensionality of the data and make it more suitable for application of
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common clustering algorithms. In terms of complexity, most PCA based approaches have
the cubical complexity O(n3).

2.10.3 Hybrid Approaches Combining PCA and DBSCAN Algorithms
The first algorithm using the hybrid approach based on dimensionality reduction
and non-parametric divisive k-means clustering was ORCLUS (Charu & Philip, 2000).
After initial transformation of gene expression data with PCA algorithm, the ORCLUS
algorithm uses k-means to form initially specified k-number of clusters by merging
similar smaller clusters. In contrast to ORCLUS, the novel Computing Correlation
Connected Clusters (4C) algorithm (Christian et al., 2004) does not require specification
of k-number of clusters beforehand. To find local densely populated neighbourhoods
corresponding to eigenvectors, 4C uses density based method similar to DBSCAN
algorithm.

2.10.4 Summary
Microarray technology is a powerful tool providing large amounts of data, but a
complex problem develops in data analysis because traditional statistical methods often
are not applicable to microarray datasets. Traditional methods are not suitable because
the number of samples (i.e. microarrays) is often much lower than then number of
features (i.e. genes). A number of common data analysis methods working with large sets
of PCC values were reviewed including PCA, Fisher’s r to z transformation in the context
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of hypothesis testing, and Complete-Link Hierarchical clustering showed their respective
intrinsic limitations. The next chapter suggests a novel Interdependent Correlation
Cluster (ICC) method based on recently proposed Correlation Clustering (Bansal et al.,
2002) that circumvents the above-stated problem.
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CHAPTER 3: Proposed Interdependent Correlation Cluster (ICC) Method
3.1 Overview
This chapter will explain in detail the methodology used to cluster genes
conditioned on a specific target gene (e.g. NSF1/YPL230W). The Interdependent
Correlation Cluster (ICC) Algorithm combines concepts from Correlation Clustering
(Bansal et al., 2002) and Complete Link clustering (Manning, 2008) to find a complete
sub-graph represented as the largest maximal clique.
The advantage of extracting the largest maximal clique in a small dataset is several
fold: a) each gene in a clique ‘reinforces’ the existing genes in a clique and provides
stringent criteria for addition of new genes; b) the algorithm forms a ‘tight’ cluster of coexpressed genes, clique, with similar expression profiles.

3.2 Introduction to Interdependent Correlation Cluster (ICC)
Recently proposed Correlation Clustering (Bansal et al., 2002) does not require
specification of some parameters such as the number of clusters for clustering data.
Correlation Clustering operates on the intuitive correlation-based similarity measure,
PCC, that has a direct interpretation of the similarity or relatedness existing between a
pair of gene expression or genetic profiles, for example. In order to understand
correlation clustering it is necessary to introduce basic graph theory notation and define
how interconnected data could be represented in a form of a graph (network).
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3.3 Basic Definitions of Graphs
Let G=(V,E) be a graph with vertices V and edges E. Let E(u,v) Î { +, – }, where
{+} and {–} denote edges that pass or fail specific similarity threshold. Let N+(u) = {u}
È {v: E(u,v) = +} denote all neighbouring vertices connected with (+) edges with respect
to vertex u. Similarly let N-(u)={u} È {v: E(u,v)= – } denotes all neighbouring nodes to
u connected through (–) edges. Let C denote 1…n set of clusters C={C1, C2, C3 … Cn}.
A graph or subgraph is considered complete only if each vertex is pair-wise linked
to all other remaining vertices in the graph as shown in Figure 3.1. Term complete graph
and clique are interchangeable and refer to the same concept. Another property of
complete graphs (cliques) is that all their vertices will have a maximal degree Dmax
numerically equal to one less than total number of vertices in a graph G, Dmax = Vtotal - 1 .
A subset of vertices C⊆V forms a clique only if its sub-graph G(C) is complete and is not
contained in any other sub-graph of G.

3.4 Basic Algorithm of Correlation Clustering
Correlation Clustering (Bansal et al., 2002) given graph G with E(u,v) Î {+, –}
seeks to partition data into optimal number of clusters by maximizing agreements (i.e.
number of (+) edges) between vertices V in a given cluster Ci. During clustering process,
the Correlation Clustering algorithm seeks to define and optimize a classification
function f(x) to partition data into cluster C. The main task is to maximize the number of
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(+) edges connected to vertices within a cluster while maximizing the number of (–)
edges connected to vertices belonging to other clusters.
The basic algorithm starts by randomly selecting first a vertex u and expanding
radius r encompassing additional vertices of the graph G while maximizing the above
mentioned parameters.
Correction Clustering algorithm (Bansal et al., 2002):
1. Select an arbitrary vertex u
2. Increase gradually the radius r to include additional vertices
3. Check if sum of (+) edges, wi, is maximal or larger than previous iteration of
algorithm
4. Output set of vertices as Ci if larger r does not improve wi, otherwise increase r
5. Remove vertices from V of graph G and incident edges
6. Repeat above steps 1 to 5 until G is empty

3.5 Advantages of Correlation Clustering
The best known approximation for the Correlation Clustering problem is O(log n)
based on a linear-programming rounding and the region-growing technique (Becker,
2005). Correlation Clustering is similar to the Multi-Cut problem in graph theory where
graph G needs to be cut optimally into specific number of sub-graphs. This clustering
approach could also be applied to weighted graphs by following the same principles of
maximizing number edges with large or small values depending on chosen similarity
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criteria and particular problem. In addition, one could assign penalty equal to the weight
of an edge if it lies between different clusters and zero penalty if the same edge lies
within a given cluster C.
Correlation Clustering has many advantages when working with complex data that
could be transformed into graph G. Especially in case if unknown relationships exist
between variables represented by a set of vertices and optimal number of clusters is
unknown.
3.6 Proposed Interdependent Correlation Cluster (ICC) algorithm
Correlation Clustering algorithm described in detail in previous section is especially
suitable for application on data represented as a graph. Correlation and Hierarchical
Complete-Link Clustering algorithms are equivalent in that they both search for a subgraph (i.e. cluster) with maximally interconnected number of vertices.
Our ICC algorithm applies biologically intuitive way of finding tight maximally
interconnected cluster (i.e. the maximal clique or ICC) composed of co-expressed set of
genes conditioned on a target gene. The similarity matrix based on Pearson’s correlation
coefficient (PCC) values between a target gene and every other gene in the dataset is used
to construct a graph used by ICC algorithm to find the maximum size maximally
interconnected sub-graph (i.e. the maximal clique).
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3.7 Properties Interconnected Correlation Cluster
Finding of the maximal clique C in graph G requires searching for largest
complete sub-graph G(C) of a given graph G that satisfies the clique definition, given that
the edges satisfy a selection criterion. In our case, a graph G consists of vertices V
represented by genes and edges E (see Figure 3.1). In this thesis, the graph edges
represent the degree of correlation rgene(i…n) between Xgene(i…n) and XNSF1 gene expression
profiles. The main problem in finding the maximum size clique is identification of the
largest interconnected sub-group of genes that form the largest clique, such that all edges
pass the selection threshold based on correlation r. The fastest algorithm to find maximal
cliques is NP-complete (non-deterministic polynomial complete). In other words, the
problem is complex to solve and the worst case scenarios of the problem could approach
brute force performance having exponential complexity. Heuristic algorithms provide a
balance between the quality of solution and the required time to solve a particular
problem. The RBGL library available in R language having the C. Bron and J. Kerbosch
NP-complete implementation of the maximal clique algorithm was used to find gene
clusters composed of the co-expressed genes around the NSF1expression profile (Bron &
Kerbosch, 1973).
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Figure 3.1: Example of a complete graph G(V,E). V and E denote vertices and edges. Since all vertices
are interconnected, the above graph represents clique G(C).
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3.7.1

Basic Maximal Clique Search Algorithm
The logic in the formation of a maximal clique is straight forward and consists of

the following main steps that are being iterated until all vertices of a given graph are
evaluated.
1.

Add new vertex to the existing graph Gold having n number of vertices

2.

Test two possible outcomes:

a.

link the new vertex Vnew to all existing vertices Vold OR

b.

discard the new vertex Vnew,

3.

Iterate over the remaining vertices in the graph G repeating steps 1 to 3

As could be seen from the above, the brute force approach to the maximal clique
problem could be represented graphically as a decision tree that would grow
exponentially as new vertices will be sequentially added to the potential cliques. To find
the maximal clique, one would require evaluation and generation of many potential subcliques. To find the largest maximal clique the naïve algorithm will run O(nk) time by
examining all n possible cliques containing k-tuple of vertices (Virginia, 2009).
3.7.2

The Bron–Kerbosch (BK) Heuristic Maximal Clique Search Algorithm

The Bron-Kerbosch (BK) algorithm explores a decision tree of possible candidate
cliques. The algorithm starts with the large set of ‘candidate’ maximal cliques, removes
vertices one at a time resulting in a rapid abandonment of cliques that do not meet the
complete-link criterion using the correlation threshold. This strategy eliminates
unnecessary calculations of unviable solutions and effectively ‘prunes’ the decision tree.
running time O(3n/3) in worst case scenario where n is the number of vertices in the graph
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1 array_ A à correlation matrix of genes with 0 and 1 representing graph with (+) and (-) edges
2 array_R =∅;
%array stores all potential vertices of a clique
3 array_X =∅;
%stores all analyzed vertices
4 array_N= ∅;
% an array of all connected vertices (i.e. neighbours) to vi
5 array_V = {v1 …. vn}
% complete set of all vertices from the ‘array_A’
6
7 Bron–Kerbosch (array_R; array_V, array_X)
8 IF array_V = ∅ AND array_X = ∅ THEN
9
RETURN array_R as the maximal clique
10 ELSE
11
FOR each vertex vi in array_V DO
12
%find adjacent neighbours to vertex vi in array_A
13
array_V = array_V – {vi}
%remove vertex vi
14
array_N à find neighbours of vertex vi in array_A
15
array_Rnew = array_R ∪ {vi}
%add new vertex to the R set
16
array_Vnew = array_V ⋂ array_N
17
array_Xnew = array_X ⋂ array_N
18
Bron–Kerbosch (array_Rnew; array_Vnew; array_Xnew)
% add analyzed vertex vi
19
array_X= array_X ∪{vi}
Box 1: The Bron-Kerbosch (BK) algorithm pseudo-code. Legend and set notation: ∅- empty set;
{…} a set of elements; ∪ -union (all elements from both sets combined); ⋂- intersection (common
elements occurring in both sets). Comments are preceded by ‘%’ sign. array_N array stores all
neighbours of given vertex vi (Bron & Kerbosch, 1973)
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The BK algorithm had been shown to be the fastest algorithm in practice with maximal
(Tomita et al., 2006). Thus a graph with 300 vertices would take 5x1047 seconds to
compute in the worst case scenario. In practice, the heuristics such the use of pivot points
allows the BK algorithm to very significantly cut-down the computation time. E.g. a
graph with 330 nodes took 50 seconds to compute on CPU i-5@2.6 Ghz with 4Gb RAM.
In this work The BK algorithm pseudo-code with commentaries is shown in Box 1.
3.8 An Example of BK Algorithm Used to Find the Maximal Clique in a Graph
The following example will illustrate the BK pseudo-code (Box 1) using the graph
shown in Figure 3.2 . The BK algorithm starts by storing all vertices of the graph in
array_V and edge values in array_A. Then BK algorithm starts building all possible
cliques

by

initializing

variable

vi

to

each

of

the

vertices

present

in

array_V={1,2,3,4,5,6,7,8} . Let us follow the shortest path to find the maximal clique in
the graph (Figure 3.2).
Let vi = 4, then after BK 1st iteration the, array_N = {1,2,3}, array_Rnew = {4},
Vnew={1,3,2}, array_Xnew= ∅, array_X={4}. After 2nd iteration given that vi = 2,
V={1,3,2}, array_N={8,3,1,4}, array_Rnew={4,2}, Vnew={1,3},

array_Xnew ={4},

X={4,2}. After 3rd iteration at vi=1, array_V={3}, Rnew={4,2,1}, array_N={7,3,4,2},
array_Xnew

={4,2,1}.

After

4th

iteration

and

vi

=3,

array_N={6,2,4,1},

array_Rnew={4,2,1,3}, array_V=∅, array_Xnew ={4,2,1,3}. After 5th iteration the BK
algorithm outputs the maximal clique with 4 vertices stored in array_Rnew={4,2,1,3}, by
satisfying the IF statement condition of the line 8 (Box 1): array_V=∅ and array_R=∅.
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Figure 3.2: An example of a graph containing a 4-tuple clique. The red lines highlight the maximal
clique represented by vertices 1,2,3 and 4 . Only edges passing the threshold (i.e. + edges) are shown.
The – edges were omitted for simplicity
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3.8.1

Pseudo-code of Interdependent Correlation Cluster (ICC) Algorithm Conditioned on
a Target Gene
The gene expression microarray data is essentially the data series represented as n

× t by matrix X. Here n represents total number of genes while t the time points

X=

T1
x11
x21
xn1

T2
x12
x22
xn3

T3
..
..
..

..
..
..

..
..
..

..
..
..

Tt
x1t
x2t
xnt

Our ICC search algorithm, conditioned on selected target gene, consisted of the
following logic shown in pseudo-code in Box 2 and schematically in Figure 3.3. The
target gene in this study is NSF1/USV1/YPL230W. The main steps in our clustering
model included:
1. Compare each gene in expression matrix to the target gene (e.g. NSF1) expression
profile using the Pearson’s Correlation Coefficient (PCC) and store them in array_R
2. Test each PCC value (r) from array_R against threshold limit (r<-0.95 or r>0.95).
Store the PCC values passing the threshold limit in the select_array. These steps
select for highly correlated genes to the NSF1 gene expression profile.
3. Construct correlation matrix A (i.e. graph) representing connections between vertices
by assessing genes in pair-wise manner and assigning 1 or 0 depending if values pass
the threshold (r<-0.95 or r>0.95 ) or not, respectively. This is equivalent of assigning
(+) or (–) edge in the Correlation Clustering algorithm (Bansal et al., 2002).
4. Start searching for the largest maximal clique (ICC) conditioned on target gene in the
graph by calling Bron–Kerbosch (R,P,X) function
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Microarray
Dataset
the threshold limit
r<-0.95 or r>0.95
select_array

the selected genes

build a weighted graph (G)

find the largest ICC
(the maximal clique)
Figure 3.3: The proposed Interdependent Correlation Cluster (ICC) search algorithm workflow

1 % Data pre-processing before mining for the maximal clique (ICC)
2 X={genei, ….. , genen}
3 FOR ià1…n
4
array_R[i] = r (X[genei], X[NSF1]);
5 FOR ià1…n
6
if array_R[i] > 0.95 OR array_R[i]<-0.95
7
select_array[i] = genei
8 FOR ià1…n DO
9
FOR jà1..n DO
10
IF r(select_array[i], select_array[j]) > 0.95
11
OR (select_array [i], select_array[j]) < -0.95
12
array_A[i,j] = 1
13
ELSE
14
array_A[i,j] = 0
15 MC=∅; X=∅; N= ∅
16 Bron–Kerbosch (R,P,X)
17
RETURN the maximal clique
Box 2: The ICC algorithm pseudo-code. NSF1 is the target gene on which maximal clique is conditioned on the NSF1 expression profile
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3.9 Advantages and Disadvantages of Proposed ICC Algorithm
The advantages of our method are as follows. First, the complex data is transformed
into a weighted graph G with {+,–} edges conditioned on a target gene, NSF1/YPL230W.
Second, the similarity represented by PCC is biologically intuitive and only considers the
gene expression profiles shapes. Third, the maximal cliques represent tight clusters or
sub-graphs of interconnected genes that reinforce each other and provide stringent criteria
for inclusion of additional vertices. Fourth, our approach could be applied even on very
small datasets.
The disadvantage of clustering algorithm is application of only one similarity
measure solely based on the expression profile shape that may not always reflect the
‘true’ gene-gene interdependency and physical interaction as in case of Yeast 2-Hybrid
(Y2H) (Young, 1998) crosses or synthetic genetic array (SGA) (Costanzo et al., 2011)
experimental methods. In other words, because of the statistical and graph structural
analysis, false positive can occur. Nevertheless, large number of genes within clique
should partially mitigate such effects.

In our design, therefore, we focus on the

maximum-size maximum clique in describing the largest interdependent correlation
cluster (ICC) conditioned on the NSF1 expression profile.
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CHAPTER 4: Biological Preliminaries
4.1 Saccharomyces cerevisiae as a Eukaryotic Model
Saccharomyces cerevisiae (kingdom: Fungi, phylum: Ascomycota) is one of the
most studied unicellular eukaryotes to date. This budding yeast has immense economic
and research purposes that span many disciplines including Genetics, Molecular and
Cellular Biology, Food Science and Enology amongst many others.

The simplicity of

yeasts as a unicellular organism combined with the genetic machinery of higher order
organisms, made this organism very useful for research purposes. In addition, molecular
and genetic tools and methods can be easily applied to S. cerevisiae which has high
adaptability to an array of environmental stresses and ability to grow on well defined
media, unlike some other higher eukaryotes (Feldmann, 2010). Also, S. cerevisiae has
subcellular structures typical to higher eukaryotes including a cell wall and plasma
membrane that are 100-200 nm and 7 nm thick respectfully, periplasmic space,
invagination towards cytoplasm, nucleus, endoplasmic reticulum, Golgi apparatus,
secretary vesicles, vacuoles, mitochondria and peroxisomes (Keyhani, 2007).
4.2 Carbon Metabolism and Energy Production
Saccharomyces cerevisiae is able to grow in wide range of nutrient conditions in
presence of fermentable and non-fermentable sugars. Thus, carbohydrates are an
important nutrient source for yeast amongst other nutrient sources. In particular, glucose
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is the preferred carbon source. Such adaptability requires coordination and cross-talk of
numerous metabolic pathways.
Saccharomyces cerevisiae under aerobic conditions and low sugar concentrations
consumes pyruvate to produce energy in a form of ATP and CO2. The aerobic respiration
of pyruvate optimally utilizes energy production pathways that results in maximal energy
production in a form of 32 ATP molecules per 1 glucose molecule.
Saccharomyces cerevisiae under low oxygen conditions and high glucose levels
(>0.8 mM) starts to ferment resulting in characteristic ethanol production. Under these
conditions only 2 ATP molecules are produced per glucose molecule. S. cerevisiae will
ferment even under abundant oxygen conditions (aerobic fermentation) if the
concentration of fermentable sugars in growth media is sufficiently high. Under high
glucose and aerobic fermentation conditions the overall flow through glycolytic pathway
exceeds the maximal rate of pyruvate to acetyl CoA conversion by the pyruvate
dehydrogenase complex (PDC) (see Figure 4.1a). The excess of pyruvate is channelled
towards acetaldehyde with subsequent ethanol production as a typical end product of the
fermentation (see Figure 4.1b) (Otterstedt et al., 2004). Thus, S. cerevisiae displays
mixed respire-fermentative mixed energy metabolism at greater than 0.8 mM of glucose
and high oxygen conditions (Otterstedt et al., 2004). Hence, S. cerevisiae controls energy
metabolism largely depends on abundance of oxygen and fermentative sugar levels.
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S. cerevisiae displays a diverse energy metabolism that depends not only on oxygen and
sugar abundance, but also on the type of sugar present. It was observed that S. cerevisiae
grown in the presence of abundant mannose and galactose under aerobic conditions
displays a preference for fermentative growth and the inhibition of respiration enzymes
such as cytochrome a, b and c (De Deken, 1966). The effect of aerobic respiration
repression by the partial inhibition of respiratory enzymes and the switch to higher
fermentation rates when fermentative sugar and oxygen are abundant is termed the
‘Crabtree Effect’. The abundance of ATP due to presence of high levels of fermentative
sugars and saturated glycolysis pathway pushes pyruvate into fermentative energy
metabolism with the characteristic production of ethanol and CO2 (Figure 4.1). De Deken
et al. had proved that under aerobic and abundant fermentative sugar conditions, such as
glucose, fermentation occurs in S. cerevisiae (De Deken, 1966).
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Figure 4.1: Fate of pyruvate under high sugar and aerobic conditions. The pyruvate
pyruvate has two fates: a)
aerobic glycolytic respiration and b) fermentation.
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4.3 Saccharomyces cerevisiae and Different Stresses
S. cerevisiae is highly adapted to multitude of environmental stresses ranging from
temperature, pH and osmotic shock to starvation, nitrogen and glucose limitation. The
stress response is a complex processes and involves induction of approximately 200
genes identified so far (Gasch et al., 2000). Stress responses in yeast should not be
confused with yeast external environment adaptability responses.
4.3.1

Wine Fermentation Stress

Wine fermentation presents numerous stresses that require high degree of adaptability
from S. cerevisiae. Increasing ethanol concentration, osmotic and oxidative stresses,
depletion of preferred fermentable carbon sources (e.g. glucose and fructose), limiting
nitrogen and vitamin sources are all typical examples of fermentation stresses. Stress
responses are all co-regulated as evidenced by S. cerevisiae increased adaptability to
other forms of stress upon previous exposure to mild forms of stress (Lewis et al., 1995).
‘Adaptive stress response’ or ‘acquired stress resistance’ in yeast, bacteria, plans, fungi
and even humans is an interesting phenomena where an organism exposed to a mild form
of stress can survive otherwise lethal doses of the same or other forms of stress. This
suggests that yeast has a general stress response mechanism that is suitable to address an
array of environmental stresses with co-dependence and co-regulation of metabolic
pathways to other stress responses. ‘Cross-stress protection’ caused by previous exposure
to mild forms of stress was shown to depend on wide-spread changes to the transcriptome
and was defined as the environmental stress response (ESR) characterized by more than
43

300 induced and 600 repressed genes (Gasch et al., 2000). A similar study of global gene
expression changes during wine fermentation conditions showed drastic changes in the
expression profiles of numerous genes (Marks et al., 2008). 232 genes were significantly
induced (from 4 to 80 fold compared to basal expression) and assigned to the
Fermentation Stress Response (FSRs) expression cluster (Marks et al., 2008). Thus wine
fermentation stress causes profound changes not only on vital cellular processes and
metabolic pathways but also supported by drastic changes in transcriptome profile of
many genes. In summary, any stress elicits many transcriptional responses from living
cells in order to maintain the overall cellular homeostasis.
4.3.2

Osmotic Stress
Adaptability to changing free water conditions is essential to many microorganisms.

This osmo-adaptability is a conserved mechanism amongst many eukaryotes and
prokaryotes (Hohmann, 2002). Yeasts are exposed to a wide range of osmotic conditions
that require a high degree of adaptation for the proper maintenance of cellular volume
and intra-cellular concentrations of key ions including Cl-, Ca2+ and Na+ and osmolytes
that are essential for its viability. To maintain proper osmotic conditions, yeast cells
maintain higher intracellular osmolarity with respect to the extracellular fluid by
intracellular accumulation of osmolytes, polyoles such as glycerol, amino acids and ions
(Butinar et al., 2005; Hohmann, 2002).
Yeast adapts to hyperosmotic conditions by changing appropriate gene expression
profiles and accumulating glycerol, a compatible intracellular solute, intracellularly. High
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osmolarity (hyperosmotic) conditions in S. cerevisiae cause fast activation of several
signal transduction pathways including the high-osmolarity glycerol (HOG) pathway and
the protein kinase A (PKA) pathway to enable transcriptional stress responses and
manage the accumulation of intracellular glycerol (Hohmann, 2002).
Passive exit of intracellular water from cells cause increase in intracellular
concentration of many ions leading to onset of hyperosmotic stress. Understanding of
underlying cell responses to hyper-osmotic stress is very important in production of
higher stress tolerant yeast strains. The main fermentation product, ethanol, that can reach
15% (v/v) to 20% (v/v) levels, imposes a significant osmotic stress on yeast. Ethanol can
passively cross plasma membrane of yeast cells causing changes in hydration of biomolecules inside of the cell by disrupting H-bonding between water molecules resulting
in osmotic stress onset. In lab, osmotic stress is usually achieved by subjecting cells to
high osmotic solutions of NaCl. Na+ ions displace K+ ions causing not only hyperosmotic response but also detoxification responses (Hohmann, 2002).
Low osmolarity (hypoosmotic) conditions are characterized by transcriptional
responses aimed in remodelling of cell membrane, rapid export of glycerol and passive
entry of water into the cells that causes an increase in the intracellular pressure
(Hohmann, 2002). Little is known about yeast responses in such conditions as yeast
adaptability to hyperosmotic conditions is more prominent to industry and other
applications.
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Glycerol production is essential to yeast osmo-adaptation and it is partially
controlled by the HOG pathway. Under high extracellular osmotic conditions, yeast
accumulates intracellular glycerol to maintain the higher intracellular osmolarity. Upon a
shift to low osmotic conditions, accumulated glycerol is exported from the cell via the
Fps1p channel (Batiza et al., 1996).
4.4 Transcription Factors and Gene Expression Regulation
Expression of genes is regulated at many levels starting from transcription. Each
gene has Open Reading Frame (ORF) that codes for the protein product. Upstream of the
ORF the non-coding regulatory sequences regulate expression of the genes. The known
regulatory sequences include promoters and upstream activating sequences (UAS)
(Petrascheck et al., 2005) (Figure 4.2). Regulatory proteins with DNA binding motifs
bind to specific DNA sequences and control gene expression levels depending on cellular
and environmental conditions.

Typically, gene transcription starts by binding

transcription factor (TFIID) to promoter sequence called TATA box. The TFIID binding
initiates assembly of transcriptional complex at the promoter site by recruitment of RNA
Polymerase II along with other transcription factors including TFIIA, TFIIB, TFIIE and
TFIIF (Schmidt et al., 1989). The transcription initiation and its rate are also determined
by additional transcriptional factors (TFs) that bind to UAS and other upstream elements.
Saccharomyces cerevisiae shows a remarkable adaptation to stress that is
manifested in heat shock elements (HSEs), stress response elements (STREs) and AP-1
responsive elements (AREs) that bind transcription factors and other elements in
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response to stress conditions (Ruis & Schuller, 1995). Therefore genes possessing STRE
in their upstream regions are thought to be involved in regulation of transcriptional
responses in yeast.
4.5 Nutrient Stress Response Factor 1
The S. cerevisiae genome is well annotated and studied, nevertheless 12.97% of its
genome contains uncharacterized genes and 12.24% dubious Open Reading Frames
(ORFs) as of August 14, 2011. The main focus of this thesis is the poorly characterized
gene, YPL230W. This gene was preliminary identified by computational sequence pattern
analysis to contain C2H2 zinc finger DNA binding motif (Bohm et al., 1997). Hlynialuk
et. al. studied empirically YPL230W under non-fermentative carbon and hyperosmotic
salt stress conditions in the S. cerevisiae BY4742 lab strain (Hlynialuk et al., 2008). The
gene was given additional name as Nutrient and Stress response Factor 1 or simply NSF1
to more closely reflect its molecular function (Hlynialuk et al., 2008).
4.6 Nsf1p Protein and its Properties
NSF1 encodes a C2H2 zinc finger transcription factor (TF) that contains a typical ~30
amino acids long DNA binding domain with two cysteines and two histidines
tetrahedrally coordinated to a central Zn2+ ion (Figure 4.3). The DNA binding motif was
confirmed by its biochemical, crystal structure and site-directed mutagenesis analyses
allowing the formulation and prediction of possible interactions existing between the
C2H2 zinc finger and DNA (Bohm et al., 1997).
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Figure 4.2: Gene structure with its main transcription control elements in yeast

Figure 4.3 : C2H2 zinc finger DNA binding motif and its structure. A) DNA binding motif of C2H2 zinc
fingers. Φ refers hydrophobic amino acid; X-represents
X
any amino acid and subscripts
bscripts refer to nu
number of times particular amino acid repeats itself in the sequence;
sequence; Cys and His refer to Histidine and
Cystine; B) Classical Zinc Finger motif adapted from (Klug & Schwabe, 1995). Cysteine (C) and Histidine (H) are coordinated
inated to Zn2+ ion are coloured in ‘orange’ and ‘red’ respectively. Amino acids are
encoded in single letter alphabet.
alphabet
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NMR spectroscopic analysis of the motif revealed that the Zn2+ ion is squeezed between
two anti-parallel ß-sheets connected by short α-helical loop (Bohm et al., 1997).
As of the date of the manuscript writing, the Nsf1p crystal structure was unavailable.
Nevertheless, using BLASTP in conjunction with the Protein Data Bank (PDB) database,
it was possible to find the most similar available crystal structure. The 2EBT crystal
structure from PDB corresponding to Human Kruppel-Like Factor 5 was found to be the
most similar to Nsf1p with score of 62.8 bits and 54% identity (Figure 4.4). The rendered
3D structure shows typical C2H2 zinc finger domain discussed above with colour coded
histidines and cysteines.
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Figure 4.4: The crystal structure of the Human Kruppel-Like Factor 5 Chain A (PBD ID: 2EBT) that
was found to be most similar to Nsf1p based on available structures in PDB database as of August 15,
2011 and BLASTP results. Cysteines are coloured in yellow and histidines are coloured in red coordinated to Zn2+ by ionic bonds (not shown).
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4.7 NSF1 Involvement in Nutrient Response and Halo-tolerance in Lab Yeast
A previous study done in the BY4742 lab yeast strain had observed increased
expression levels of NSF1 if cells were grown in ethanol (YPE), glycerol (YPGlyc) or
acetate (YPA) containing media as compared to cells grown in glucose media (YPD)
(Hlynialuk et al., 2008). This suggests that NSF1 expression is highly dependent on the
main carbon source present in the media, and that non-fermentative carbon sources
stimulate expression of NSF1 in lab yeast.
Transcription factor function of NSF1 was confirmed by growing cells expressing
Nsf1p-GFP in the presence of acetate and the displacement of Nsf1p from the cytoplasm
to the nucleus (Hlynialuk et al., 2008). Gene expression analysis by Northern Blots
revealed NSF1 was involved in the induction of some TCA cycle and gluconeogenic
genes such as IDH1, ACS1 and CIT2 confirming again NSF1 involvement in carbon
utilization and energy metabolism under gluconeogenic growth conditions with acetate as
the sole carbon source. Thus, Nsf1p acts as an activator of glucose-repressed genes as the
expression levels of IDH1, ACS1 and CIT2 were downregulated in nsf1∆ mutant
(Hlynialuk et al., 2008). In addition, Nsf1p DNA binding motif was partially homologous
to key carbon metabolism regulators including Msn4p, Msn2p, Adr1p, Mig1p, Mig2p
and others (Hlynialuk et al., 2008).
Upon further analysis of the NSF1 promoter region and follow up experiments, it was
determined that under gluconeogenic conditions, NSF1 expression is mainly regulated
by the Snf1 protein kinase that plays an important role under glucose starvation
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conditions and gluconeogenic conditions through activation of Snf1p signalling pathway
(Hlynialuk et al., 2008). Snf1p protein kinase controls gene expression under
gluconeogenic and respiration conditions. Snf1p is also implicated in cell responses to
sporulation, glycogen storage and tolerance to thermal stress (Jiang & Carlson, 1997).
In addition to the nutrient adaptation response role of NSF1, this gene was also
implicated in salt stress tolerance through activation of ENA1 (P-type ATPase sodium
pump) under glucose repression conditions. ENA1 expression is up-regulated under nonfermentative carbon sources such as galactose in lab yeast strains (Alepuz et al., 1997).
Gene expression analysis in parent and nsf1∆ mutant lab strains showed that NSF1 is
required for transcriptional activation of ENA1 expression (Hlynialuk et al., 2008).
All these findings firmly position NSF1 as a nutrient adaptation response gene
possessing a classical glucose-repressed expression profile activated under gluconeogenic
conditions. In addition, NSF1 role is not only limited to nutrient adaptation responses but
also to other types of stress suggested by its involvement in ENA1 and SNF1 gene
expression analysis under high salt and gluconeogenic conditions.
The genome-wide studies identified NSF1 as part of 223 Fermentation Stress
Response (FSR) genes showing a persistent induction through fermentation described in
more detail in section 6.2 (Marks et al., 2008). Since functional roles of NSF1 under
fermentation conditions are presently unknown, one of the objectives of this study was to
study NSF1 involvement in the fermentation stress responses.
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CHAPTER 5: Materials and Methods for Biological Experiments
5.1 Yeast Strains
All Saccharomyces cerevisiae strains used in this study are all listed in Table 5.1.
The main selective markers used were kanMX4, natMX6 and hphMX6 that confer
resistance to geneticin (G418), nourseothricin (clonNAT) and hygromycin antibiotics
respectively.
All M2 mutants shown in Table 5.1 were constructed by gene knockout using the
PCR cassette disruption method (Hentges et al., 2005; Winzeler et al., 1999) carrying
antibiotic resistance natMX6 or kanMX4 gene. The met4∆ mutants were constructed by
knocking out MET4 gene, encoding for a key sulfur amino acid biogenesis pathway
activator, using chimeric primers of approximately 90nt long carrying sequences both
specific to a target genomic sequence and to the plasmid carrying natMX6 gene. The
chimeric primers contained 70nt homologous to the target recombination site situated
upstream and downstream of the MET4 ORF and ~20nt homologous to regions upstream
and downstream of the natMX6 ORF present in the pFA6-natNT2 plasmid shown by
UPPER and lower case respectively in Table 5.4. Gene cassette was constructed by PCR
reaction using the target pFA6-natNT2 plasmid (Euroscarf accession #: P30346) carrying
natMX6 as the template. The 100 µL of the master mix used for the MET4 deletion PCR
cassette production contained: 10 µL of 10x Roche EXPAND™ reaction buffer, 2 µL
EXPAND™ DNA polymerase, 60 µL of 25 mM MgCl2, 8 µL of 10 mM dNTPs, 20 µL
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of forward and 20 µL of reverse primers giving 2 µM final concentration. The thermal
program starts with 1 cycle at 95 °C for 3 min, followed by 35 cycles at 95 °C for 1 min,
45 °C for 30 s, 68 °C for 2 min, followed by 1 final cycle at 50 °C for 30 s and 72 °C for 5
min.
The obtained product was run on a 1% agarose gel and the correct PCR cassette size
was confirmed. The PCR cassette was further cleaned from residual nucleotides using the
Qiagen™ PCR cleanup kit. The cells were transformed with cleaned PCR cassette using
the LiAc method (Gietz & Schiestl, 2007) and plated on YPD plates containing the
antibiotic corresponding to natMX6 selective marker. Small colonies were observed after
48h past inoculation at 30°C. Correct integration site of PCR cassette was confirmed by
isolating genomic DNA from a few transformed colonies and running standard PCR
reaction using confirmation primers that annealed to regions outside and within
transformation site. In addition, successful gene knockout was confirmed by PCR
reactions using primers against the target gene.
After successful confirmation of correct MET4 PCR cassette integration site by
confirmation primers (Table 5.4) designed to anneal upstream of the integration site and
within natMX6 ORF, the transformed colonies were expanded in YPD broth and
sporulated on sporulation plates (Table 5.2) followed by tetrad dissection on YNB plates
containing 2 mM methionine.
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Table 5.1: Genetic makeup of Saccharomyces cerevisiae M2 strains

Strain name
M2
M2 nsf1∆
M2 met4∆
M2 met4∆ nsf1∆

Genotype
M2 MATα/a
M2 MATa/α nsf1::kanMX4/nsf1::kanMX4
M2 MATa/α met4 ::natMX6/met4 ::natMX6
M2 MATa/α met4::natMX6/met4::natMX6 nsf1::kanMX4/nsf1::kanMX4
Table 5.2: Growth media names and main components

Media ID
YPD
YNB
S+ (sulfur rich)
S- (sulfur poor)
Sporulation
YNB S+
YNB S-

Main Components
1%(w/v) yeast extract, 2%(w/v) peptone, 2%(w/v) dextrose
Yeast Nitrogen Base powder without ammonium sulfate and amino acids (5
g/L), Dextrose (20 g/L), NH4Cl (5 g/L) , dextrose (20 g/L), CSM (0.79 g/L)
NH4Cl (4 g/L), MgSO4·7H2O (0.05 g/L), KH2PO4(3.0 g/L), MgCl2(0.4 g/L)
NH4Cl (4 g/L), MgSO4·7H2O (0.005 g/L), KH2PO4(3.0 g/L), MgCl2(0.4 g/L)
2%(w/v)agar, 1%(w/v) KAc and dH2O
Yeast Nitrogen Base (YNB) powder without ammonium sulfate and amino
acids (5 g/L), MgSO4·7H2O (0.05 g/L), dextrose (20 g/L), NH4Cl (5 g/L)
Yeast Nitrogen Base powder without ammonium sulfate and amino acids (5
g/L), dextrose (20 g/L), NH4Cl (5 g/L)
Table 5.3: Antibiotics used for selective YPD plates

Media ID
Hygromycin B
G418
ClonNAT

Resistance Gene
hphMX6
kanMX4
natMX6

Final concentration in YPD agar (µg/ml)
100
200
100

Table 5.4: MET4 disruption PCR cassette primer sequences
Primer ID

5’->3’ sequence

MET4_Forward
disruption primer

ATTGTGTGTCATCGGGCCACACAAGCATATTGCTTGAATTTTCTTTCATCGTT
CAACTTAAATCCACCCAATcggatccccgggttaattaa

MET4_Reverse
disruption primer

CGACGCGTTTTACTTATAGGCTAACAAAAAAATTTTAACGCGTTTGAATAGATGTGTGATGAATGAAGAATAgaattcgagctcgattacaa

MET4_Forward
Confirmation primer

CTAACCTACTACTGTCTCAGAGCC

MET4_Reverse
Confirmation primer

TCCGATTCGTCGTCCGATT
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5.2 Media and Yeast Growth Conditions
Media names and their components used in this thesis work are shown in Table
5.2. YPD solid media (plates) were prepared by addition of agar to autoclaved YPD broth
to a final concentration of 2% (w/v). For yeast transformation experiments and selection
of transformants antibiotics were added to YPD agar to final concentrations as shown in
Table 5.3.
5.2.1

Fermentation Riesling Grape Must
M2 and M2 nsf1∆ strains were cultured over-night in YPD broth to obtain a

sufficient number of cells. 4 L of Riesling grape must purchased from Kamil Juices
(http://www.kamiljuices.com/) in 2010 was sterile filtered into 1L bottles and left overnight at 18 °C in the incubator. The following day, the M2 and M2 nsf1∆ cultures were
briefly washed in sterile dH2O and the cell number calculated using a hemocytometer.
Each 1L of Riesling grape must was inoculated to a final 2.6x106cells/mL that
corresponded to OD600 of 0.1. After inoculation, the 1L flasks were incubated at 18°C
without shaking. 100 mL samples were taken at 3 time points: 24h after inoculation, 20%
and 85% glucose fermentented for cell and supernatant isolation. The isolated cells were
used for total RNA extraction (section 5.6) and supernatant was used of free amino acid
analysis (section 5.3). The overall experimental setup consisted of 2 stains, 2 biological
replicates and 3 sample time points.
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5.2.2

Monitoring weight loss in Riesling Grape Must
The cumulative loss was used to monitor fermentation efficiency in M2 parent and

M2 nsf1∆ mutant strains as lost CO2 is directly related to the end product of fermentation,
ethanol. The 1L flasks were weighed in 6h intervals and weight loss was calculated.
5.3 Free Amino Acid Analysis in Fermentation Juices using HPLC
Fermentation juice was sampled at 3 time points: 24h post inoculation, 20% and
85% glucose fermented. The juice samples were prepared as follows: a) total protein in
1mL juice sample was precipitated with 30 mg of sulfosalicylic acid and incubated at
room temperature for 10 min; b) The solution was filtered through a 0.2 µm membrane
and the pH was adjusted to 7.0 with NaOH and checked with pH paper.
The Agilent 1200 HPLC system equipped with a Fluorescence Detector was used to
perform amino acid composition analysis. The amino acids were pre-column derivatized
using o-phthalaldehyde (OPA) that reacts preferentially with primary amines (backbone ‘N’
or argentine R-chain) to form highly fluorescent labelled product in the presence of thiolcontaining compound like ß-mercaptoethanol. The pre-column derivatized juice samples
were injected according to the injection protocol (Figure 5.1) onto an Agilent™ Eclipse

Zorbax AAA reverse phase column and run at 2.0 mL/min using the mobile phase
composed of solution A

(40mM NaH2PO4) and solution B (Acetonitrile:MeOH:H2O

45:45:10) mixed according to the gradient program (Table 5.5). The fluorescence detector
excitation and emission wavelength were set at 340 nm and 450 nm.
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Table 5.5: The mobile phase HPLC gradient program

Time (min) Solution A* Solution B** Flow rate (mL/min) Column Pressure (bar)
0
100
0
2
350
1.9
100
0
2
350
18.1
43
57
2
350
18.6
0
100
2
350
22.3
0
100
2
350
23.2
100
0
2
350
26
100
0
2
350
*solution A (40mM NaH2PO4); ** solution B (Acetonitrile:MeOH:H2O 45:45:10)

1 DRAW 2.5 µl of 50mM Borate pH 10
2 DRAW 0.5 µl of juice sample
3 MIX 3.0 µl in air, max. speed, 2 times
4 WAIT 0.50 min
2 DRAW 0.5 µl

of 1% o-phtalaldehyde and 1% 3-mercapotopropionic acid
in a 0.4 M borate buffer solution

6 MIX 3.5 µl in air, max. speed, 6 times
7 MIX 4.0 µl in air, max. speed, 6 times
8 DRAW 32.0 µl of dH2O
9 MIX 36.0 µl in air, 2 times
10 INJECT onto the column
Figure 5.1: The juice sample preparation and injection protocol for the HPLC Agilent 2100 system
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5.4 D-glucose Levels Measurements in Juice Using Megazyme™ Kit
The concentrations of D-glucose in samples collected during Riesling grape must
fermentation were determined using Megayme® D-Glucose HK kit (Xygen Diagnostics)
Riesling grape juice samples had varied amounts of D-glucose from 200 g/L to
<2g/L that was determined during the course of the experiment. Following
manufacturer’s instructions, the juice samples were diluted from 150x to 50x with dH2O
directly in the cuvette. Next, 100 µL of solution 1(imadazole buffer) and solution 2
(NADP+/ATP) were added and mixed by inversion. The absorbance measurements were
done and referred to as reference A. Finally, 20 µL of solution 3 (Hexokinase/Glucose-6phosphate dehydrogenase) containing the enzyme mix were added and incubated
approximately 3 min or until stable absorbance readings were observed (Asample).
Concentration of D-glucose was calculated following the below formula:

CD-glucose =

∗
∗

∗

∗

Where:
C – final D-glucose concentration in juice sample in (g/L)
V – final sample volume in the cuvette in mL
MW – molecular weight of D-glucose
ε – extension coefficient of NADH at 340 nm of 6300 (mol-1 x cm-1)
d – light path through cuvette (1 cm)
v- sample volume added from stock juice sample in mL
F - dilution factor if stock juice sample required further dilution
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5.5 Growth Analysis in Sulfur Limiting (S-) and Rich (S+) Mineral Media
M2 and M2 nsf1∆ cells were grown over-night in minimal sulfur rich (S+) and
minimal sulfur limiting (S-) media. 200µL of S+ and S- media was dispensed into
corresponding wells of a 96 well plate and were inoculated in triplicate with each strain
to a final OD600 of 0.1. After inoculation, the 96 well plate was incubated at 30°C for 72h.
The turbidity readings were recorded every 15 minutes using the NEPHELOstar®
microplate nephelometer. A total of 4 experimental conditions were tested: M2 in S+
media, M2 in S- media, M2 nsf1∆ in S+ media, and M2 nsf1∆ in S- media.
5.6 Total RNA Extraction from Yeast
The total RNA was isolated from yeast cells following a standard RNA extraction
protocol. Briefly, 300 µL of STE buffer, 0.3g glass beads and 300 µL
Phenol:Chloroform:Isoamyl Alcohol (25:24:1) were added to 2 mL screw capped
microfuge tube and vortexed for 3 min. Next, 50 µL of 10% SDS was added to the cell
lysates and incubated for 15 min on ice. Cells were centrifuged at 4 °C at 13,000 rpm for
20 min. The upper aqueous layer was extracted to fresh tube and 1/50th volume of 5M
NaCl and 2 volumes of cold 95% ethanol were added to precipitate the RNA. Finally, the
solution was centrifuged at 13,000 rpm for 5 min and the supernatant discarded. The
RNA pellet was resuspended in 100 µL dH2O. The freshly isolated RNA was further
purified by using silica based Qiagen™ RNeasy spin columns as per the manufacturer’s
instructions.
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The RNA quality was assessed by gel electrophoresis and with the Agilent 2100
Bioanalyzer™. The samples from 3 time points had shown no signs of RNA degradation
and were suitable for microarray analysis.
5.7 Affymetrix Microarray Processing
5.7.1

Affymetrix Microarray Chips
The total RNA isolated from Riesling grape must fermentation were analyzed

using Affymetrix® Yeast 2.0 microarrays containing a total of 5,744 probe sets
corresponding to 5,667 S. cerevisiae genes and 5,031 probe sets corresponding to 5,021
genes present in S. pombe. Each probe consisted of a 25-mer oligo. Affymetrix® Yeast
2.0 microarrays are designed in such a way that each probe set (i.e. gene) is represented
by 11 probe sets located at different parts of the microarray chip to minimize mRNA
hybridization bias and other technical issues.
Total RNA samples were hybridized to the microarrays. The microarrays were
washed several times to eliminate non-specific hybridization. The microarrays were
subsequently scanned using Affymetrix GeneChip Scanner 3000 7G to measure absolute
expression for each gene on the microarray.
5.7.2

Gene Expression Data Normalization and Scaling
The absolute expression levels of each probe (i.e. gene) were stored in an

Affymetrix .cel file format and the corresponding Yeast 2.0 microarray chip design and
annotation was captured in a .cdf file. Since Affymetrix microarrays use approximately 511 probes/gene situated at different parts of a microarray chip, it is necessary to combine
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the expression data from each probe to obtain an average absolute final gene expression
value. In addition, raw microarray data needs to be normalized across all microarrays to
account for many sources of variation including differences in sample hybridization
efficiency, background, amount of applied sample and many others across multiple chips.
The R language affy library and MatLab 2010b were used to process raw microarray
data in order to to obtain a normalized expression signal for each gene stored in a form of
expression matrix (see source-code in Appendix III and IV). The Robust Multi-array
Average (RMA) algorithm was used to normalize microarray data. The normalization
algorithm returned normalized gene expression matrix in a log2 scale for easier data
manipulation and interpretation in subsequent microarray data analysis steps. The
appendix provides some of the scripts used to handle this task.
5.8 Quantitative Real Time Polymerase Chain Reaction (RT-PCR / qPCR) protocol
The total RNA samples isolated were subjected to RNA cleanup and DNAse I
digestion to eliminate background genomic DNA contamination (gDNA) using Qiagen
QuickSpin™ columns and the Qiagen RNase-Free DNase Set kit™ as per the
manufacturer’s instructions. The absence of gDNA contamination was confirmed by PCR
using ACT1 primers. Samples that lacked genomic contamination had no ACT1 PCR
product, confirming successful genomic DNA elimination. As a positive control, the
gDNA from M2 strain was used and an abundant PCR product having a correct
molecular weight was obtained.
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The concentration of gDNA-free RNA samples was quantified using Thermo
NanoDrop 2000 by directly assaying 1 µL of the sample. Next, 600ng of total RNA per
sample was used to produce cDNA by a Reverse Transcription reaction (RT) using
Capacity cDNA Reverse Transcription Kit™ (Applied BioSystem). The 10 µL total
volume master mix for each RNA sample was prepared as follows: 2µL 10X Reverse
Transcription Buffer, 0.8 µL 25X dNTPs (100mM), 2µL 10X random primers, 1 µL
MultiScribe™ Reverse Transcriptase (50 U/µL), 4.2 µL Nuclease-free H2O. 600 ng of
total RNA and Nuclease-free H2O were added to adjust the final RT reaction volume to
20 µL. More than 600ng RNA in the reverse transcription reaction was found to cause
inhibition. The thermal program used was as follows: 25 °C for 10 min, 37 °C for 120
min, 85 °C for 5 min..

After cDNA synthesis, 60 µL of dH2O was added to each cDNA

sample.
The primer efficiency was tested by taking 5 µL from each sample, making several
10 fold dilutions from the combined cDNA mixture and running qPCR reactions.
The qPCR reactions were setup in 96 well plate. The master mix for each 20 µL
reaction was composed of 10 µL 2X PerfeCTa SYBR Green FastMix, ROX (Quanta
BioScience), 0.4 µL of 10 µM Forward and Reverse Primer from Sigma and 5 µL
cDNA template. The thermal program for qPCR reactions was as follows: [95 °C for 30
seconds, 60 °C for 30 seconds]40x.
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5.9 NSF1 and Sulfur Metabolism in M2 and M2 nsf1∆
5.9.1

Experimental setup
The sulfur liming conditions were implemented by growing M2 and M2 nsf1∆ cells

in the minimal media containing essential salts as sources of nitrogen, phosphate and
sulfur in addition to 4.2% glucose following sulfur limiting media described in Boer et.
al. study (Boer et al., 2003). Sulfur rich media denoted as S+ was the one containing 10
fold more of sulfur compared to sulfur limited media denoted S-.
M2 and M2 nsf1∆ cells were grown over-night in YNB media and harvested by
centrifugation and washed in sterile dH2O to eliminate traces of YNB media. The flasks
containing 50mL of S+ or S- media - (refer to Table 5.2 for a detailed media
composition) were inoculated at final OD600 of 0.1 and grown on a shaker in aerobic
conditions at 30°C until final OD600 of 0.6 corresponding to 45h of the experimental time.
5.9.2

Total RNA Preparation for qPCR
The total RNA was extracted and 20 µg were cleaned using Qiagen™ RNeasy

columns with on-column gnomic DNA digestion using Qiagen™ DNAse I kit as per
manufacture instructions. Genomic DNA elimination was confirmed with primers against
ACT1 gene. RNA quality and integrity was checked by electrophoresis using 1% agarose
gel.
5.9.3

qPCR and Data Analysis
The qPCR protocol is described in detail in section 5.8. Each primer was tested for

its efficiency. Primers with efficiencies of at least 75% were used. The obtained ∆Ct
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values for 5 biological replicates were analyzed using Pfaffl method (Pfaffl, 2001). The
advantage of Paffl method is in that it takes into account primer amplification efficiencies
contrary to ∆∆Ct method. The experiment considered impact on the sulfur pathway gene
expression levels of 2 variables: S+ or S- media and M2 or M2 nsf1∆ yeast strain. Thus,
there were thus total of 3 main combinations: M2 S- against M2 S+ (M2 S-/ M2 S+), M2
nsf1∆ S+ against M2 S+ (M2 nsf1∆ S+/ M2 S+), M2 nsf1∆ S- against M2 S- (M2 nsf1∆
S- / M2 S-). The statistical significance of the obtained results were tested using one
sample Student’s t-test with null hypothesis stating that ratio between given conditions
has population mean µ=1.0 (i.e. no change in expression). The ratios with p<0.05 were
considered statistically significant.
5.10

NSF1 and MET4 Interplay under Sulfur Limitation

5.10.1 Experimental Setup
The experiment was carried out in sulfur limited media (S-) detailed in Table 5.2.
The experimental setup was very similar to the previous experiment described in section
5.9.1. Briefly, over-night cultures for all strains were grown in YNB complemented with
2mM methionine to account for M2 met4∆ and M2 met4∆nsf1∆ auxotrophy. Due to slow
growth rate of homozygous met4∆ mutants, the experiment was carried out for 24h with
constant shaking at 30°C in 50 mL of S- media (see Table 5.2 for exact media
composition). The cells were washed in dH2O prior to inoculation at OD600 of 0.4 for M2
met4∆ and M2 met4∆nsf1∆ and OD600 of 0.05 for M2 and M2 nsf1∆. The RNA isolation
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and genomic DNA cleanup was carried out as described in section 5.9.2. Gene expression
was measured by qPCR.
5.10.2 M2 nsf1∆met4∆ and met4∆ Mutant Creation
We ventured to knockout MET4 in industrial M2 strain due to its importance in
sulfur amino acid biogenesis pathway. The detailed protocol using PCR cassette gene
disruption method (Hentges et al., 2005) is discussed in section 5.1. The MET4 is
reported as an essential gene in lab strains of S. cerevisiae (Winzeler et al., 1999). Indeed,
the complete homozygous knockout of MET4 in BY4742 strain produced methionine
auxotrophic mutants with severe growth problems. Fortunately, the complete knockout of
MET4 in industrial M2 strain produced viable met4∆ methionine auxotroph mutant
showing moderate growth limitation on YPD plates complemented with 2 mM
methionine that allowed carrying out subsequent experiments. The M2 met4∆nsf1∆
double mutant displayed similar growth phenotype to M2 met4∆ mutant.
5.11

Microscopy: NSF1 cellular localization dynamics under S+ and S- conditions

5.11.1 Experimental setup
The M2 strains having NSF1 tagged with GFP were used to monitor Nsf1p-GFP
cellular localization using epifluorescence microscope. For easy localization of the
cellular nucleus, cells were transformed with pNIC96-mCherry-hphMX plasmid
harbouring NIC96 gene tagged with mCherry fluorophore.
In order to mimic sulfur rich and poor conditions, the YNB media without amino
acids and ammonium sulfate was used. The YNB S+ represented sulfur rich media
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complimented with MgSO4 while YNB S- media without MgSO4 was used to mimic the
sulfur limitation (Table 5.2).
Cells were grown overnight in YNB S+ or YNB S- media and shifted to
corresponding fresh YNB S+ or YNB S- media at inoculation OD600 of 0.15 the
following day. The exponentially growing cells at ~ OD600 of 0.6 were split in half and
used to inoculate fresh batch of YNB S+ and YNB S- media. Samples were taken at 0h,
0.5h, 1h, 3h and 6h post inoculation. All cell growth steps were done at 30°C with
constant agitation. The visual representation of the experimental setup is shown in Figure
5.2. There were total of 4 experimental conditions representing switch from log phase
growing cells in YNB S+ or YNB S- media into fresh YNB S+ or YNB S- media.
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xperimental setup for investigation of Nsf1p cellular localization dynamics under
Figure 5.2: The experimental
sulfur rich and limiting conditions.
conditions
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CHAPTER 6: Predicted NSF1 Functional Roles during Fermentation
Stress Using Proposed ICC Method and Vin13
Fermentation Dataset
The first dataset used to validate ICC algorithm and to mine for functional network
(ICC) of NSF1 under fermentation conditions for industrial strain Vin13 was obtained
from Marks et.al. (Marks et al., 2008).
The mined functional interconnected correlation cluster (ICC) will provide
additional insights into NSF1 function under fermentation conditions. The mined
maximal clique (ICC) will be analyzed for functional enrichment by application of Gene
Ontology (GO) annotation database. Since previous studies indicate that NSF1 responds
to a variety of conditions including hyper-osmotic stresses and nutrient changes
(Hlynialuk et al., 2008), some of the discovered functions of NSF1 might be also
conserved under fermentation stress conditions.
6.1 Vin13 Fermentation Dataset (VFD)
The dataset, abbreviated as VFD, identified the transcriptomic stress response of
industrial Vin13 Saccharomyces cerevisiae. In this study, the global transcriptome profile
of the Vin13 S. cerevisiae industrial strain was monitored during a 15 day fermentation in
Riesling grape must (Marks et al., 2008). The expression data consisted of a total of 21
microarrays: 3 microarrays per 7 time points. The time points corresponded to 1h, 12h,
48h, 60h, 120h and 340h after Riesling grape must inoculation with Vin13 cells at 4x106
cells/mL. The global gene expression was measured using Affymetrix™ Yeast Genome
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S98 chips with 9335 probes, but only 6300 probes were mapped to verified Open
Reading Frames in the Saccharomyces Genome Database (SGD).
The original study used a variation of k-NN (k-nearest neighbour) algorithm to
cluster genes into 20 categories of expression profiles and identified the Fermentation
Stress Response (FSR) cluster of genes that were induced at the end of fermentation. This
dataset was chosen due to its similarity in the experimental conditions to the fermentation
experiment covered by this thesis and represented by MFD dataset.
6.2 Previous Results and Data Analysis of the VFD Dataset
The Marks et. al. study analyzed gene expression data using similar to k-Nearest
Neighbours (k-NN) clustering algorithm approach by first fitting the expression profile
for each gene by 2nd degree polynomial function (see Equation 1) and subsequently
clustering the transformed data represented by quadratic (ß2) and linear (ß1) coefficients
for each gene into an arbitrary number of 20 clusters with k-NN algorithm.
( )=

+

+

+

Equation 1: 2nd degree polynomial that summarizes each gene expression profile

The NSF1 expression profile was assigned to cluster 6 along with other 100 genes
(Marks et al., 2008). Genes in cluster 6 had a common expression profile characterized
by a steady increase in expression across all 7 time points. Genes in clusters 1 and 6
showed persistent induction and were named as Fermentation Stress Response (FSR)
genes (Marks et al., 2008). The FSR cluster was composed of 223 genes involved in
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metabolic pathways related to yeast adaptation to ever-changing nutrient conditions and
stresses during fermentation. Many genes in the FSR group are not directly associated
with stress response but are biologically important for yeast long-term adaptation to
stress. The main biological functions in FSR group according to the GO database
included organelle organization and biogenesis (15%) and transport (18%), protein
modification processes (13%), RNA metabolic processes (12%), response to stress
(11%), and transcription regulation (11%) (Marks et al., 2008). Thus, NSF1 could be
characterized as a FSR gene showing steady up-regulation towards the end of the
fermentation when the yeast experiences the most pronounced nutrient depletion and
highest ethanol concentration as well as an array of other stresses.
6.3 Results
6.3.1

Interdependent Correlation Cluster Conditioned on NSF1
In order to further characterize NSF1 and find a tightly co-expressed gene set, the

ICC algorithm for finding maximal cliques based on Pearson’s correlation coefficient
(PCC) similarity measure (r) was used (see section 3.8.1). The value of searching for the
maximal clique is that it represents co-expressed genes conditioned on NSF1 that might
share common pathways and be related through similar biological processes.
Following our proposed ICC algorithm, the PCC was calculated for each gene in the
microarray dataset. Following r>0.95 or r<-0.95 thresholds, 264 genes were found to be
highly correlated (co-expressed) to the NSF1 expression profile. The correlation
similarity matrix, A, was formed by applying a correlation threshold (r>0.95 or r<-0.95)
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between each gene pair. The complete graph (G) consisted of 264 vertices (V) connected
through 18,575 edges (E) and was used to search for the maximal clique (ICC) using the
ICC algorithm according to section 3.8.1. The final ICC (the largest maximal clique)
contained 83 genes that were functionally categorized into 8 arbitrary categories as
shown in Figure 6.1 and Table 6.1. Since ICC used both positive and negative correlation
(PCC) values summarizing similarity every other gene expression profiles to the NSF1
expression profile, the mined genes in ICC are either activated or repressed towards the
end of fermentation.
6.3.2

Gene Ontology (GO) Functional Enrichment Related to Interdependent Correlation
Clusters Based on NSF1
In order to find functional enrichment amongst genes occurring in the ICC (clique)

the publically available Gene Ontology (GO) database of terms was used. The GO
database is essentially a hierarchical acyclic graph composed of GO terms as vertices.
There are 3 sub-graphs in the database related to: Biological process, Molecular function
and Cellular component. The GO database could be viewed as a hierarchical tree where
the top levels contain very general GO terms such as ‘cellular process’ or ‘metabolic
process’ and the very bottom levels of the tree contain very specific terms such as
‘activation of MAPK activity’. Thus each gene could contain more than one associated
GO term. By exploring the GO database it is possible to construct hierarchical graphs
from a set of genes that can show valuable information such as common biological
function or role amongst genes.
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In order to find statistically significant common functions occurring in the ICC (the
maximal clique) compared to the random occurrence in the rest of the S. cerevisiae
genome, the hypergeometric probability distribution function (pdf) was used. When the
selected gene set is part of the complete gene list covering the whole genome, the
functional enrichment problem is best modeled by the hypergeometric distribution (Zhou
& Su, 2007). The hypergeometric pdf function returns a p-value associated with each GO
term computed by looking at the GO term’s probability of occurrence in the selected
(maximal clique) and reference (whole genome) gene sets. GO term counts are computed
by mapping each gene in both lists to its corresponding parental GO terms by traversing
the hierarchical GO graph (tree) in a ‘bottom up’ fashion until reaching the top ‘root’
term. Thus, each gene in the list not only contributes the occurrence frequency of the
‘directly’ associated GO terms but also considers other linked parental GO terms on the
path to the root term that allows the estimation of population distribution of each GO
term.
In this experiment the hypergeometric pdf compared the background random
frequency associated with each GO term between the whole S. cerevisiae genome and
maximal clique gene set. The most statistically significant over-represented GO terms of
the maximal clique were found after calculating p-values for each GO term. The obtained
p-values were used to order GO terms. At 95% confidence level, the statistically
significant GO terms must have a p-value < 0.05.
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Figure 6.1: Functional classification of 83 genes represented by the ICC, the largest maximal clique.
Each gene was classified manually into 8 functional categories.

Table 6.1: Representative genes found in the maximal clique
Biological Function
Vesicle Trafficking
Post-translational Protein
Modification
Carbohydrate Metabolism
Cell cycle control
Stress
Sulfur Metabolism
Ribosome Assembly / Transcription / Translation

Gene Symbol
ERV41, SRP21, VPS8, ARL1, NTF2, ARF1, SEC3, UFD1
PMT4, NAT5, SRP68
GIP2
VHS1
RTC1, RIM15, RPN4, MEP1
SES1, MET4, FSH3, ARC1, FOL1
RPL34B,RPL22B,RPS5,RPS25A,RPL17A,RPS0A,RPL13B,RPS13,
RPL27A,RPS24A,RPS23A,RPS7A, RPL3, IWR1, RPS1A, EGD2,
DCD1, GET1, RPP1A, RPL31A

Note: Only few representative genes belonging to ‘Transcription/Translation’ group are shown due to
large size of the group. Upregulated genes at 340h with respect to 12h time point are shown in BOLD
RED, the downregulated genes are shown in Green.
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Figure 6.2: GO map of terms related to sulphur metabolism. The GO map shows ancestors of significant terms: GO:0006791,GO:0019417, GO:0019418, GO:0019419, GO:0072348 and GO:0000098. The
values in brackets are p-values corresponding to each GO term. The p-values are also colour coded
with p-value extreme ranges: ‘green’ = p-value of 1.0 and ‘red’ = p-value of 0
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Table 6.2: Selected significant GO terms associated to maximal clique genes conditioned on NSF1

Sulfur and Folic Acid Metabolism
GO term

p-value

GO Term name

GO:0019417

0.007256

sulfur oxidation

GO:0019418

0.007256

sulfide oxidation

GO:0019419

0.007256

sulfate reduction

GO:0000098

0.009982

sulfur amino acid catabolic process

GO:0006535

0.019631

cysteine biosynthetic process from serine

GO:0072348

0.008045

sulfur compound transport

GO:0009397

0.003198

folic acid catabolic process

GO:0046900

0.003198

tetrahydrofolylpolyglutamate metabolic process

GO:0046653

0.006189

tetrahydrofolate metabolic process

Amino acid and protein synthesis control
GO:0018106

0.01608

peptidyl-histidine phosphorylation

GO:0018107

0.01608

peptidyl-threonine phosphorylation

GO:0018109

0.01608

peptidyl-arginine phosphorylation

GO:0018217

0.01608

peptidyl-aspartic acid phosphorylation

GO:0018218

0.01608

peptidyl-cysteine phosphorylation

Carbohydrate metabolism/Nutrient utilization
GO:0019740

0.000311

nitrogen utilization

GO:0015976

0.000334

carbon utilization

GO:0007587

0.000371

sugar utilization

GO:0009758

0.000371

carbohydrate utilization

GO:0071705

0.008045

nitrogen compound transport

Stress response
GO:0031001

0.001101

response to brefeldin A

GO:0046678

0.001101

response to bacteriocin

GO:0046679

0.001101

response to streptomycin

GO:0046677

0.006189

response to antibiotic

GO:0050896

-5

2.64x10

response to stimulus

Cell fate and cell cycle
GO:0032502

0.000334

developmental process

GO:0022414

0.000346

reproductive process

GO:0001906

0.000371

cell killing

GO:0008283

0.000371

cell proliferation
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Figure 6.3: The ancestral map of GO:0019740, GO:0015976, GO:0006794, GO:0007587, GO:0009758,
GO:0071705 and GO:0015980 terms related to the nutrient stress and carbohydrate metabolism under stressful fermentation conditions
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6.4 Discussion
6.4.1

NSF1 is Linked to Sulphur Metabolism
The most interesting genes co-expressed with NSF1 in the sulphur metabolism

category are MET4 and FOL1. The MET4 encodes a transcription factor that is central to
sulphur metabolism, while FOL1 gene is a multifunctional enzyme essential in the folic
acid biosynthesis pathway. Folic acid has very important cellular roles including onecarbon, protein and nucleic acid metabolism (Bailey & Gregory, 1999).

The MET4

expression was upregulated while that of FOL1 was downregulated towards the end of
fermentation. The down-regulation of FOL1 is not entirely clear but might be correlated
with shut down of protein synthesis towards the end of the fermentation.
Analysis of enriched GO terms linked to the genes present in the ICC (the maximal
clique) showed at least four GO terms associated sulphur metabolic pathways including
sulphur (GO:0019417) and

sulfide (GO:0019418) oxidation, sulfate reduction

(GO:0019419) and sulfur amino acid catabolic processes of sulfur containing amino acids
including cystine and methionine (GO:0000098) (Figure 6.2). In addition, there were
other sulfur metabolism related GO terms shown in Table 6.2 linking cystine biosynthesis
and breakdown of the folic acid central to the well studied sulfur metabolic pathways in
S. cerevisiae. The GO map shown in Figure 6.2 highlights multiple pathways involved in
sulfur precursors transport, their conversion to useful metabolites through series of
reduction reactions and synthesis of sulfur containing amino acids including cysteine,
methionine, and S-adenosylmethionine (AdoMet).
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These findings hint at NSF1 involvement in sulphur metabolism that might be of
importance to the wine industry as sulphur containing compounds are related to wine
spoilage.
6.4.2

Confirmation of NSF1 Involvement in Nutrient Metabolism
Further analysis of the ICC revealed strong correlation between GIP2, RIM15 and

NSF1. GIP2 codes for a putative subunit of the protein phosphatase Glc7p involved in
glycogen metabolism. In turn, RIM15 encodes an important kinase that facilitates ‘crosstalk’ between Target of Rapamycin (TOR) and cAMP-dependent (PKA) pathways
coordinating responses affecting the metabolism of fermentative and non-fermentative
carbon sources, activation of histone demethylase Gis1p and modulation of Msn2p and
Msn4p stress response associated transcription factors and others (Wanke et al., 2005).
Up-regulation of RIM15 towards the end of the fermentation could be due to RIM15
participation in glycogen accumulation to combat osmotic stress which suggests possible
RIM15 control of NSF1 (Reinders et al., 1998).
Similarly to the previous work (Hlynialuk et al., 2008), our results confirm similar
NSF1 behaviour in industrial yeast strain due to the association of NSF1 with nutrient
and carbon metabolism processes.

Figure 6.3 shows the GO map of the enriched

ancestral GO terms related to the carbohydrate and nutrient metabolism mined from the
maximal clique. NSF1 seems to be involved in utilization of phosphorus (GO:0006794),
fermenting and non-fermenting sugars (GO:0007587, GO:0009758 and GO:0015976) in
addition to nitrogen utilization (GO:0019740) and transport (GO:0006810) pathways.
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6.4.3

NSF1 Involvement in Protein Synthesis and Expression Control
The most numerous group is ribosomal assembly / transcription / translation group

that might be over-represented due to shutting down of protein synthesis under stressful
fermentation conditions. Further analysis of enriched GO terms confirmed NSF1 possible
involvement in transcriptional/translational protein synthesis control, carbohydrate
metabolism, stress response and cell cycle/cell fate control (see Table 6.2). Interestingly,
the VHS1 gene was part of the maximal clique. The VHS1 is a cytoplasmic
serine/threonine protein kinase involved in modulation the cell cycle progression from
G1 to S phase. This evidence suggests additional NSF1 role in transcription and
translation control.
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CHAPTER 7: Experimental Results of NSF1 Functional Roles Under
Fermentation Conditions Predicted using the Proposed ICC
Method and M2 Fermentation Dataset
7.1 M2 Fermentation Dataset (MFD)
After gaining insight into NSF1 functional roles under fermentation conditions
thanks to the previously analyzed VFD microarray dataset, the NSF1 functional role
under fermentation conditions was also verified in the industrial M2 S. cerevisiae stain.
The analysis of the MFD dataset will provide a broader insight into possible NSF1
functional conservation across yeast strains and experimental conditions in addition to
gaining a deeper support for the functional network established in Chapter 6. This
additional work will reinforce previous conclusions extracted through analysis of VFD
dataset and add additional experimental evidence to NSF1 functions while qualitatively
verifying performance of ICC algorithm introduced in Chapter 3. In addition, the
genome-wide impact of NSF1 absence (nsf1∆ mutant) will be also evaluated. In order to
work with the nsf1∆ data, the ICC method introduced in section 7.3 will be modified to
accommodate the MFD dataset design.
7.2 MFD dataset structure
This self generated microarray dataset was obtained by fermenting sterile filtered
Riesling grape must with M2 and M2 nsf1∆ strains for approximately 15 days at 18°C
(section 5.2.1). The expression dataset consisted of 3 time points and 2 biological
replicates for each M2 and M2 nsf1∆ strain (see Table 5.1). The 85% glucose fermented
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time point had a total of 6 microarrays by re-running the M2 and M2 nsf1∆ samples as
technical replicates in order to strengthen the statistical power of the t-test performed to
find differentially expressed genes discussed in Chapter 8. Thus the total dataset
contained 14 Yeast 2.0 microarrays deposited in the Gene Omnibus repository (accession
number: GSE34117). The microarray data was RMA algorithm normalized following the
same method as per previous datasets described in section 5.7.2. Due to the design of
Affymetrix™ Yeast 2.0 chips, it was necessary to remove gene expression data
corresponding to S. pombe genes. This task was handled by discriminating between S.
cerevisiae and S. pombe gene probes by using annotation files available from the
Affymetrix™ support website. There were a total of 5667 genes surveyed by the
Affymetrix Yeast 2.0 microarrays after elimination of service and other non-informative
probes.
7.3 Formation of ICC using slightly modified method
The expression data was processed according to the ICC algorithm conditioned on
the NSF1 gene to further confirm the known biological roles of the gene and to mine for
new ones. The overall clustering approach employing the ICC clique algorithm (section
3.6) was used to find co-expressed genes similar to the NSF1 expression profile.
Specifically for this dataset, this approach was modified due to presence of an additional
variable: the deletion of NSF1 in M2 nsf1∆ mutant. Two maximal cliques (ICCs) were
constructed corresponding to M2 parent and M2 nsf1∆ mutant strains following a slightly
adapted procedure described below. The two cliques were used to access the strength of
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association existing between genes found in each corresponding ICC when NSF1 is
present (M2 ICC) and absent (M2 nsf1∆ ICC). This approach would provide putative
‘direct’ and ‘indirect’ targets that are dependent on NSF1 expression.
The clustering methodology was based on steps detailed in section 3.8.1 with the
slight modification detailed below and illustrated in Figure 7.1:
a) First search for genes with highly similar expression profiles to the target gene
(NSF1) passing the correlation threshold of r>0.95 or r<-0.95 only in 6 microarrays
corresponding to the parent M2 strain having a functional NSF1 gene and store them
in the select_array array (it is biologically irrelevant to mine for genes present in
mutant M2 nsf1∆ strain where NSF1 is absent).
b) The selected genes stored in the select_array array were used to construct the
maximal cliques (ICCs) corresponding to M2 and M2 nsf1∆ mutant strains following
the general method described in detail in section 3.8.1.
c) The genes were sorted into 3 categories: 1) putative ‘direct’ targets: genes present
only in the M2 strain clique; 2) ‘Noise’: genes present only in the M2 nsf1∆ strain
clique due to the heuristics of the ICC algorithm; 3) putative ‘indirect’ targets:
genes present in both M2 and M2 nsf1∆ strain cliques.
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M2

six M2 microarrays

r<-0.95 or r>0.95 threshold
select_array

M2

selected genes (select_array)

M2 nsf1∆

microarrays
r<-0.95 or r>0.95 threshold
build graph (G)

find the largest ICC
(the maximal clique)

Figure 7.1: Slightly modified ICC algorithm to mine for two ICCs (the maximal cliques) in M2 and M2
nsf1∆ microarray subsets.
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7.4 Results
7.4.1

Analysis of M2 and M2 nsf1∆ ICCs
The maximal clique obtained after gene expression analysis of the 6 microarrays

corresponding to parent M2 strain contained a total of 254 genes, while the clique
corresponding to M2 nsf1∆ strain contained 140 genes. After sorting genes into 3
categories, 128 genes belonged exclusively to the parent M2 maximal clique, while only
14 genes were found exclusive to the M2 nsf1∆ maximal clique (Figure 7.2). A total of
126 were shared between the cliques.
The purpose of constructing an additional maximal clique for the M2 nsf1∆ strain
was to determine how ‘tightly’ the genes are associated in the maximal clique (ICC)
conditioned on the presence or absence of NSF1. We hypothesized that genes present in
both maximal cliques might not be affected exclusively by NSF1 expression and thus
might be ‘indirect’ NSF1 targets, while the 128 genes belonging exclusively to the
‘parent M2’ maximal clique might be ‘direct’ NSF1 targets since these genes disappear in
the M2 nsf1∆ maximal clique.
7.4.2

M2 ICC Composition and Putative NSF1 ‘Direct’ Targets
The genes found in the M2 maximal clique were identified and functionally

characterized into 10 functional categories. These genes represent putative ‘direct’ NSF1
targets that are most probably affected by NSF1 expression. The functional distribution of
the putative ‘direct’ NSF1 targets is shown in Figure 7.2 in addition to the most
representative genes from each category shown in Table 7.1.
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.

dis
amongst ‘M2’ and ‘M2
M2 nsf1∆’ maximal
Figure 7.2: Venn diagram representing gene distribution
cliques. The ‘blue circle’ represents genes present in M2 clique while ‘red circle’ represent genes pr
present in ‘M2 nsf1∆’’ maximal clique. Numbers represent the number of genes corresponding to each
situation.
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Table 7.1: Functionally categorized representative ‘direct’ NSF1 targets from the M2 maximal clique
Functional Category

Representative Genes

stress response
cell cycle control
carbohydrate, energy metabolism / nutrient
adaptation

APJ1, AIM14, YVC1, GSH2, GSH1, MIG3, SSC1, FRT1, HKR1,

ribosome assembly

PRE5, RPS17B, RPS5, RPL8A, RPS30A, RPL16A, RPS18B,

transcription / translation / protein modification

CGI121, STP1, SLU7, MMF1, ARO4, ARG4, PRP45, URA5,
DDS1, LYS2, POL5

Ubiquitination/protein degradation
Vacuolar transport
Nuclear Pore Complex (NPC)
Cell Wall related proteins

RAD24, VHS1, BAR1, SPO22, SSP2, SSP1, SPO11, HOP2,
ISA1, CPS1, PDE1, MLS1, ATP18, ATP19, VMA11, YIA6,
RIB1, KGD2

SAN1, UBA1, YLR224W, PEX28, PIB1
BET1, VPS1, ATG23, COG1
NUP42, NUP133, NUP82, KAP104
SKG1, PMT6, GAS4

Note: Genes coloured in RED are up-regulated, GREEN are down-regulated at the end of
fermentation (85% sugars fermented) with respect to the 24h time point. BLACK coloured genes
refer to relatively constant expression levels throughout fermentation.

Figure 7.3: The main functional categories of genes found in M2 interconnected correlation cluster,
maximal clique, representing putative ‘direct’ targets of NSF1
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The most numerous functional categories corresponded to: 1) transcription,
translation and protein modification; 2) various stress responses; 3) cell cycle control; 4)
ribosome assembly; and 5) carbohydrate, energy metabolism and adaptation to changing
nutrient conditions (Figure 7.3).
7.4.3

M2 and M2 nsf1∆ ICC Composition and Putative NSF1 ‘Indirect’ Targets
Genes shared between M2 and M2 nsf1∆ maximal cliques considered to represent

putative ‘indirect’ targets of NSF1 were functionally categorized to the same arbitrary 11
categories. The functional distribution of ‘indirect’ NSF1 targets is visually shown in
(Figure 7.4). The most representative genes from each category are shown in Table 7.2.
Overall, there were no major differences in functional context between ‘direct’ and
‘indirect’ NSF1 putative targets. The sulfur metabolism related genes were only found
amongst putative ‘indirect’ NSF1 targets.
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Figure 7.4: Functional categories of putative ‘indirect’ NSF1 gene targets shared between the M2 and
M2 nsf1∆ maximal cliques.
Table 7.2: Representative ‘indirect’ NSF1 targeted genes sorted into functional categories
Functional Category

Representative Genes

stress response

ATP1, VMA1,CIT2, HAL1, PCK1, STM1, SLX4, HMF1

cell cycle control

FIG1 , KEL2, MPS1

carbohydrate metabolism

transcription / translation/
protein modification

MTH1
RPS3, RPS13, RPL7A, RPS6B, RPS2, RPS16B, RPS21B, RPS9B,
RPS23B, RPS0B, RPS22B, RPS8A, RPS7A, RPS24B; RPL7A,
RPL43B, RPL2A, RRP5, RPL18A
ACS1, DED81, PMT4, SPT2, HTS1, SES1, BUR6, URA4, PRO3,
THS1, ARC1, TEF4, CDC73, ADK1, TRP2, ARO8, IVFD4, EGD1,
TIF4631, GLN4, ILV2

Ubiquitination/protein degradation

PRE9, OLA1, VID24, DAS1

Energy / ATP synthesis

QCR8, VMA5

Vacuolar transport

VPH1, CHC1, SEC23, VAC8, SAM50, FEN1, EMP70, VPS75, TRX1

Cell Wall related proteins

ROT2, KRE5

Nuclear Pore Complex (NPC)

NUP192, NUP188

Sulfur metabolism

HOM2, MET4

Ribosomal assembly

Note: Genes coloured in RED are up-regulated, GREEN are down-regulated at the end of
fermentation (85% glucose fermented) with respect to the 24h time point. BLACK coloured
genes refer to relatively constant expression levels throughout fermentation.
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7.5 GO Enrichment Analysis of M2 Maximal Clique
Following the method applied to previous datasets (see section 6.3.2), the genes
present in the parent M2 maximal clique were analyzed for functional enrichment using
the Gene Ontology (GO) database and hypergeometric probability distribution function.
The overall functional enrichment of the ICC conditioned on the NSF1 expression
profile showed similar enriched functions as in VFD dataset analyzed in Chapter 6. The
most significant GO terms were related to regulation of translation in response to stress,
post-translational regulation, protein transport, nitrogen and sulfur metabolism and other
biological functions (see Table 7.3).
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Table 7.3: Statistically significant GO terms of the M2 maximal clique from MFD microarray dataset

GO term
GO:0006412
GO:0072344
GO:0043555
GO:0010608
GO:0017148
GO:0051410
GO:0046209
GO:0050898
GO:0042126
GO:0071941
GO:0009308
GO:0000097
GO:0009070
GO:0018926
GO:0046499
GO:0044272
GO:0043461
GO:0042777
GO:0015985
GO:0015988
GO:0019643
GO:0046356
GO:0006097
GO:0030579
GO:0071596
GO:0072321
GO:0009306
GO:0017038
GO:0006886

GO Term Description
Translation regulation
translation
rescue of stalled ribosome
regulation of translation in response to stress
posttranscriptional regulation of gene expression
negative regulation of translation
Nitrogen metabolism and protein synthesis
detoxification of nitrogen compound
nitric oxide metabolic process
nitrile metabolic process
nitrate metabolic process
nitrogen cycle metabolic process
amine metabolic process
Sulfur metabolism
sulfur amino acid biosynthetic process
serine family amino acid biosynthetic process
methanesulfonic acid metabolic process
S-adenosylmethioninamine metabolic process
sulfur compound biosynthetic process
Energy metabolism involving TCA cycle and ATP synthesis
proton-transporting ATP synthase complex assembly
plasma membrane ATP synthesis coupled proton transport
energy coupled proton transport, down electrochemical gradient
energy coupled proton transport, against electrochemical gradient
reductive tricarboxylic acid cycle
acetyl-CoA catabolic process
glyoxylate cycle
Recycling of misfolded proteins/Ubiquitination
ubiquitin-dependent SMAD protein catabolic process
ubiquitin-dependent catabolic process
Protein Transport
chaperone-mediated protein transport
protein secretion
protein import
intracellular protein transport
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p-value
2.28E-07
0.02958
4.98E-06
2.77E-05
4.00E-05
0.00368
0.00237
0.00237
0.00260
0.00260
0.00285
0.00468
0.00468
0.01007
0.00584
0.01701
0.00255
0.01889
0.03306
0.03306
0.03306
0.03713
0.02066
0.01906
0.01906
0.01335
0.01442
0.01925
0.02130

Table 7.4: Statistically significant GO terms related to amino acid conversion from
L to D-enantiomer

GO Term
GO:0018085

p-value
0.013

Term Name
peptidyl-L-amino acid racemization

GO:0018194
GO:0018195
GO:0018196

0.013 peptidyl-alanine modification
0.013 peptidyl-arginine modification
0.013 peptidyl-asparagine modification

GO:0018197
GO:0018198
GO:0018199

0.013 peptidyl-aspartic acid modification
0.013 peptidyl-cysteine modification
0.013 peptidyl-glutamine modification

GO:0018200
GO:0018201
GO:0018203
GO:0018204

0.013
0.013
0.013
0.013

GO:0018207
GO:0018208
GO:0018210
GO:0018211
GO:0018212
GO:0018213
GO:0050844
GO:0018202
GO:0018206
GO:0018205
GO:0018209

peptidyl-glutamic acid modification
peptidyl-glycine modification
peptidyl-isoleucine modification
peptidyl-leucine modification
peptidyl-phenylalanine modifica0.013 tion
0.013 peptidyl-proline modification
0.013 peptidyl-threonine modification
0.013 peptidyl-tryptophan modification
0.013 peptidyl-tyrosine modification
0.013 peptidyl-valine modification
peptidyl-selenocysteine modifica0.013 tion
0.014 peptidyl-histidine modification
0.014 peptidyl-methionine modification
0.015 peptidyl-lysine modification
0.015 peptidyl-serine modification
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Description
The process of conversion of a
L-amino acid into its enantiomer, the corresponding Damino acid
The modification of alanine
The modification of arginine
The modification of asparagine
The modification of aspartic
acid
The modification of cysteine
The modification of glutamine
The modification of glutamic
acid
The modification of glycine
The modification of isoleucine
The modification of leucine
The modification of phenylalanine
The modification of proline
The modification of threonine
The chemical alteration of a
tryptophan residue in a peptide
The modification of tyrosine
The modification of valine
The modification of selenocysteine
The modification of histidine
The modification of methionine
The modification of lysine
The modification of serine

Figure 7.5: GO map constructed from sulfur metabolism enriched GO terms: GO:0000097,
GO:0009070, GO:0018926, GO:0046499, GO:0044272, GO:0006423, GO:0006431
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Figure 7.6: Nitrogen metabolism related GO map constructed form significant nitrogen related GO
terms: GO:0051410, GO:0018916, GO:0018937, GO:0046209, GO:0050898, GO:0042126,
GO:0071941, GO:0009308
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7.6 Discussion
7.6.1

NSF1 and Putative Energy Metabolism ‘Direct’ Targets
Functional analysis of genes found exclusive to the M2 clique suggests that NSF1

could directly regulate energy metabolism of genes that are part of the TCA and ATP
production pathways in response to nutrient limitation conditions. All these genes are
upregulated towards the end of fermentation reflecting increased S. cerevisiae energy
demands (refer to Table 7.1).
KGD2, YIA6 and MLS1 are clearly functionally linked by regulating TCA cycle
(Figure 7.7). Dihydrolipoyl transsuccinylase, KGD2, is involved in converting 2oxoglutarate to succinyl-CoA requiring NAD+ brought by a transporter, coded by the
YIA6 gene, from the cytoplasm into mitochondria (Todisco et al., 2006). Malate synthase,
coded by MLS1, produces malate from glyoxylate that is later converted into the TCA
cycle intermediate, oxaloacetate.
ATP18, ATP23 and ATP19 are all part of essential F0F1-ATP synthase complex
located in the inner membrane of mitochondria that uses a proton gradient across the
membrane created by the active electron transport chain to produce highly energetic ATP
molecules under aerobic conditions. ATP18 and ATP19 represent the j and k subunits
while ATP23 is a metalloprotease required to process the a subunit (Arnold et al., 1998).
These results suggest the NSF1 involvement in regulation of ATP synthesis.
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Figure 7.7: TCA cycle and the interplay between KGD2, YIA6 and MLS1 genes regulating energy metabolism putatively targeted by NSF1.
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ISA1 is involved in Fe-S cluster formation and repair that serve as regulatory
switches for many enzymes including aconitase and succinate dehydrogenase part of
TCA cycle (Jensen & Culotta, 2000).
In addition, vacuolar carboxypeptidase, coded by CPS1, was found to be
donwregulated at the end of fermentation in our study. This result is consistent with
previous studies where CPS1 was also repressed in the presence of glycerol, ethanol,
acetate, galactose under low nitrogen conditions (Bordallo & Suarez-Rendueles, 1993).
In the list of putative ‘indirect’ NSF1 targets (Figure 7.2) a vacuolar import and
degradation VID24 was identified (Table 7.2). Previous studies had shown VID24
participation in turn-over of gluconeogenic enzyme FBPase (Chiang & Chiang, 1998).
Under glucose rich conditions Vid24p targets FBPase to vacuole for degradation.
Therefore, NSF1 seems indirectly regulate energy metabolism in the cell via interaction
with VID24 acting as molecular switch between glycolytic and gluconeogenic
metabolism.
Finally, energy metabolism related GO terms were also enriched (Table 7.3). It
seems that NSF1 might also target genes related to energy metabolism by controlling
genes involved in ATP synthesis and electron chain transport. This is not surprising as
NSF1 was previously implicated in carbon metabolism (Hlynialuk et al., 2008). The
enriched terms in this category included GO:0043461 - proton-transporting ATP synthase
complex assembly (p-value: 0.0025), GO:0042777 - plasma membrane ATP synthesis
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coupled proton transport (p-value: 0.018), GO:0015985 - energy coupled proton
transport, down electrochemical gradient (p-value: 0.033), GO:0015988 - energy coupled
proton transport, against electrochemical gradient (p-value: 0.033) and others.
All this evidence links NSF1 to the nutrition starvation conditions responses through
the regulation of the key energy metabolic processes including TCA cycle and ATP
synthesis.
7.6.2

Stress Response NSF1 Putative ‘Direct’ Targets
Further functional analysis of genes exclusive to M2 clique suggests that NSF1

could directly regulate genes responsible for stress responses such as detoxification
(GSH1 and GSH2), nutrient limitation (MIG3) and DNA damage (APJ1), Table 7.1.
MIG3 is homologous to MIG2 and MIG1 and was constantly expressed throughout
fermentation. The MIG genes express transcription factors that interact with Snf1p
responsible for regulation of carbon metabolism related genes. Under nutrient poor
conditions, Snf1p phosphorylates Mig1p causing its exit from nucleus and activation of
genes responsible for utilization of alternative carbon sources such as ethanol and acetic
acid (Dubacq et al., 2004). Similarly to Mig1p, Mig3p was shown to be an excellent
substrate of Snf1p which suggest Mig3p involvement in carbon metabolism (Dubacq et
al., 2004). Our results suggest that Mig3p action might be controlled by NSF1.
GSH1 and GSH2 implied NSF1 involvement in stress responses to toxic chemicals
and oxidation damage by free oxygen radicals (Table 7.1). GSH1 and GSH2 both code
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for glutathione synthetase responsible for the production of the most abundant thiol
compound, glutathione (GSH). GSH is an essential reductant implicated in detoxification,
amino acid transport and protein synthesis processes. Previous studies had shown that
yeast strains lacking GSH1 and GSH2 genes were sensitive to oxidative stress (Izawa et
al., 1995).
Interestingly NSF1 seems to promote cell growth under stressful starvation
conditions by activation of the FRT1 gene towards the end of fermentation. Previous
studies reported FRT1 as a promoter of cell growth under conditions of high salinity,
alkaline pH, and cell wall stress by Frt1p interaction with the Ca2+- and calmodulindependent protein phosphatase, calcineurin (Heath et al., 2004).
Hyperosmotic shock genes YVC1 and HKR1 were downregulated as expected due to
partial decrease of the osmotic stress at the end of the fermentation due to conversion of
fermentable sugars to ethanol (Table 7.1). YVC1 codes for a vacuolar cation channel that
mediates release of Ca2+ from vacuoles under hyperosmotic stress (Denis & Cyert, 2002)
while HKR1 codes for a hyperosmotic sensor part of High Osmolarity Glycerol (HOG)
pathway. This suggests a link between NSF1 and osmotic stress.
NSF1 was also linked to APJ1 coding for Hsp40 protein that interacts with Hsp70
proteins involved in translation quality control (Table 7.1).
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7.6.3

Cell Cycle Control and NSF1 Putative ‘Direct’ Targets
Another interesting category of genes directly associated with NSF1 is related to cell

cycle control and meiosis. All genes except CDC28 in this category were upregulated
(Table 7.1).
The main genes co-expressed with NSF1 related to cell cycle progression control
were VHS1, RAD24 and CDC28. VHS1 is responsible for cell cycle progression from G1
to S phase, while RAD24 is involved in DNA damage repair of dsDNA breaks throughout
G1, S and G2/M phases. CDC28 is the main signalling molecule of cell cycle cyclin
(CDK) family driving events in S, G2 and M phases.
Another set of upregulated genes involved in sporulation and meiotic recombination
were also found co-expressed with NSF1 (Table 7.1). These genes included HOP2,
SPO22, SPO11 and SSP2 that are all meiosis specific proteins ensuring homologous
recombination of chromosomes, promoting chromosome synapsis and meiotic
recombination. SSP2 is essential for sporulation processes as ssp2∆ mutant cells failed to
sporulate according to (Sarkar et al., 2002).
7.6.4

NSF1 Involvement in Other Fermentation Processes
Other functional groups possibly ‘directly’ targeted by NSF1 included ribosomal

assembly, Nuclear Pore Complex (NPC) proteins involved controlled trafficking of
molecules >60kDa between nucleus and cytoplasm, vacuolar trafficking and cell wall
integrity maintenance genes (see Table 7.1). The down-regulation of ribosomal and NPC
genes might be attributed to shut down of energy expensive protein synthesis and
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transcription at the end of fermentation. Vesicle trafficking and sorting coupled to
maintenance of cell wall and plasma membrane homeostasis are also known to be
affected by fermentation stresses (Ding et al., 2009).
The most numerous functional group of GO terms was related to transcription and
gene expression. The exploration of the GO terms in this functional category suggests
NSF1 partial involvement in translation of genes during fermentation that are involved in
protein synthesis and rescuing of translational machinery suggested by GO terms:
GO:0006412 - translation (p-value: 2.28E-07), GO:0072344 - rescue of stalled ribosome
(p-value: 0.0295878), GO:0043555 - regulation of translation in response to stress (pvalue: 4.98E-06), GO:0010608 - posttranscriptional regulation of gene expression (pvalue: 2.77E-05). The complete report of enriched GO terms suggests the major stress
that yeast needs to cope with is related to protein synthesis and limited amount of amino
acid pre-cursors (Table 7.3).
In support of partial NSF1 involvement in protein synthesis, nitrogen metabolism
GO terms were statistically significantly enriched (Table 7.3). These GO terms are
involved in basic nitrogen cycle that converts various forms of inorganic nitrogen
including nitric oxides, nitrile and nitrates into precursors needed in amino acid
production. The GO terms with the most functional and statistical relevance to nitrogen
metabolism included: GO:0051410 - detoxification of nitrogen compound (p-value:
0.0036), GO:0046209 - nitric oxide metabolic process (p-value: 0.0023), GO:0050898 nitrile metabolic process (p-value: 0.0023), GO:0042126 - nitrate metabolic process (p101

value: 0.0026),

GO:0071941 - nitrogen cycle metabolic process (p-value: 0.0026),

GO:0009308 - amine metabolic process (p-value 0.0028). The GO map shows
hierarchical relationship existing between the significant terms (Figure 7.6).
The GO functional enrichment analysis using the list of 128 genes conditioned on
NSF1 presence identified a total of 22 GO terms related D-amino acid conversion into its
enantiomer (see Table 7.4), the corresponding L-amino acid. This might explain partial
NSF1 involvement in stress response processes related to rescue of protein synthesis
through conversion of D-amino acids to biologically usable L forms. Interestingly the
GO:0000082 term - G1/S transition of mitotic cell cycle (p-value: 0.032) showed up in
the functional enrichment analysis. This suggests NSF1 direct involvement in cell cycle
control and suggests the slightly lower fermentation efficiencies in mutant M2 nsf1∆ stain
as compared to parent M2 stain discussed in section 7.7.1.
The second degree of importance in terms of functional enrichment is attributed to
cellular transport involving lactoferrins, transferrins, glycoproteins and lipoproteins
(Table 7.3). High degree of stress and production of non-functional proteins and
maintenance of overall homeostasis requires movement of metabolites across various
compartments. This suggests that NSF1 is involved in the adjustment of cellular
transport. The GO terms that are most significant in this category includes: GO:0033571 lactoferrin transport (p-value: 0.013), GO:0033572 – transferrin transport (p-value:
0.013), GO:0034436 - glycoprotein transport (p-value: 0.013), GO:0042953 - lipoprotein
transport (p-value: 0.013), GO:0072321 - chaperone-mediated protein transport (p102

value:0.013), GO:0009306 - protein secretion (p-value: 0.014), GO:0017038 - protein
import (p-value: 0.019), GO:0006886 - intracellular protein transport (p-value: 0.021).
7.6.5

NSF1 ‘Indirect’ Targets
Analysis of the subset of the maximal clique containing 126 genes independent of

NSF1 presence (Figure 7.2) provided a very similar functional data (Figure 7.4 and Table
7.2). The most numerous functions acted upon by NSF1 were related to protein synthesis,
nitrogen and energy metabolism, cell cycle control, sulfur containing compounds
metabolism and protein degradation (Figure 7.4 and Table 7.2).
7.6.6

NSF1 and Sulfur Metabolism
Important sulfur metabolism related genes HOM2 and MET4 were amongst

‘indirect’ NSF1 targets (Table 7.2). MET4 is the key regulator of the sulfur amino acid
biosynthetic pathway while HOM2 is an aspartic β semi-aldehyde dehydrogenase that is
also involved the same pathway, specifically in the synthesis of L-aspartate-semialdehyde
initially derived from L-aspartic acid. L-aspartate-semialdehyde is the precursor of
homoserine which is needed for the production of sulfur containing methionine and
cysteine amino acids
This evidence positions NSF1 as an indirect regulator of the sulfur metabolism that
might have important implications in the metabolism of sulfur containing compounds in
the context of industrial fermentations. Up-regulation of MET4 at the end of fermentation
(Table 7.2) might be linked to sulfur limitation towards the end of fermentation requiring
‘stronger’ activation of the sulfur assimilation pathway to maximize the production
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efficiency of necessary sulfur-containing metabolites and sulfur-containing amino acids
such as the crucial AdoMet, S-adenosyl-L-methionine (SAM), cysteine and methionine.
This hypothesis is supported by lower levels of sulfur-containing amino acids such as
cystine (C) and methionine (M) in fermented Riesling grape must at 85% glucose
fermented time point (see Figure 7.8).
The NSF1 involvement was also confirmed by the GO term functional overenrichment for the sulfur-containing amino acid biogenesis pathway. The enriched GO
terms related to methionine and cysteine sulfur amino acid synthesis included
GO:0000097 - sulfur amino acid biosynthetic process (p-value: 0.0046), GO:0018926 methanesulfonic acid metabolic process (p-value: 0.010) and GO:0044272 - sulfur
compound biosynthetic process

(p-value: 0.017) terms. The GO map shows the

significant GO terms in relation to other less significant terms using hierarchical
relationship (Figure 7.5).
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7.7

Biological Results

7.7.1

M2 nsf1∆ Ferments Slower in Riesling Grape Must
To study NSF1 impact on fermentation rates, the M2 and M2 nsf1∆ strains were

used to ferment in Riesling grape must (section 5.2.1). The weight loss monitored in
fermenting cultures was linked to CO2 production which in turn correlates with ethanol
production and fermentation rates. For more details refer to section 5.2.2. The
fermentation profile data showed a small impact of NSF1 deletion on fermentation
efficiency as the M2 nsf1∆ mutant fermented slightly slower than the parent M2 strain
(Figure 7.8). This shows that the NSF1 gene is non-essential in the adaptation of yeast to
fermentation stress. Although NSF1 functional roles and their implications in
fermentation context remain to be discovered, the potential advantage of relatively low
impact of NSF1 on fermentation efficiency is that S. cerevisiae strains carrying NSF1
deletion could potentially be used by wine and beer makers as they are often concerned
with stuck or very slow fermentations (Lourens, 2003).
7.7.2

Riesling Grape Must from M2 and M2 nsf1∆ Shows Similar Free Amino Acid Levels
To find possible link between gene expression analysis and free amino acid content

in the grape must, the fermented Riesling grape must was analyzed using reverse phase
chromatography. The last time point, 85% glucose fermented, was selected for analysis
due to the highest variations in free amino acid content compared to other time points
(data not shown).
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Figure 7.8: Fermentation profile of parent M2 and M2 nsf1∆ strains in Riesling grape must measured
by cumulative weight loss. The black arrows show cell isolation time points corresponding to 24h
past inoculation, 20% and 85% sugars fermented. The weight loss values shown are the average
result of 2 biological replicates.
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HPLC runs were repeated 6 times for each of the M2 and M2 nsf1∆ strains. The
relative amino acid content was compared across two categories: M2 and M2 nsf1∆
strains. The comparative analysis was strengthened by a two sample Student’s t-test
performed at a 95% confidence level using 6 data values from each category
corresponding to each amino acid. The t-test statistics, t-score and p-value, are shown in
Table 7.5.
The chromatograms corresponding to amino acid standards mixture and fermented
Riesling grape juice samples are shown for illustration purposes in Figure 7.9A. As could
be observed, Q and G amino acids were not properly resolved. The most abundant amino
acid in the sample is arginine (R) that is usually used as a primary nitrogen source by
yeast. In addition, cysteine and methionine are found in relatively low quantities towards
the end of fermentation and are not efficiently labelled by OPA judging from the
chromatogram corresponding to the amino acid standards mixture (Figure 7.9B).
7.7.3

Discussion
The Figure 7.10 and Figure 7.11show relative levels of 17 amino acids represented

by the one letter code with corresponding statistics (Table 7.5). Overall, the levels of
almost all assayed amino acids were higher in the M2 nsf1∆ mutant compared to the M2
parent. This might be associated with slightly lower fermentation efficiency of the M2
nsf1∆ mutant strain. This hypothesis could be supported by slightly higher levels of
nitrogen rich arginine levels in the mutant (Figure 7.10).
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Figure 7.9: Chromatograms corresponding to A) amino acid standards and B) fermented Riesling
grape must. A) The standard
rd solution contained 1250 pmol of each amino acid. B) Riesling grape
must fermented by M2 parent strain was collected att 85% glucose fermented time point. The Q and G
amino acid peaks in the sample were not resolved and thus not present in the analysis
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Interestingly, the sulfur-containing amino acids, C and M, were all slightly lower in
the M2 nsf1∆ mutant (Figure 7.10). This could be explained either by a more active
sulfur amino acid biosynthesis and protein synthesis in the M2 nsf1∆ mutant compared to
M2 parent or by the higher intracellular C and M amino acids import rates in the M2
nsf1∆. It remains to be seen whether the free amino-acid levels correlate with the sulfur
metabolism pathway flux rates. The small differences seen between M2 and M2 nsf1∆
are partially due to poor pre-column OPA labelling efficiency of C and M amino acids.
In addition histidine (H) and alanine (A) were considerably higher in the M2 nsf1∆
mutant indicating differences in energy metabolism (Figure 7.11). Deamination of
alanine produces energy rich pyruvate, while histidine is involved in production of
glutamate requiring tetrahydrofolate (THF) that ultimately produces the TCA cycle
intermediate, α-ketoglutarate.
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Figure 7.10: Relative content of the less abundant amino acids in the M2 and M2 nsf1∆ strains in
Riesling grape must at the 85% sugars fermented time point. The Q and G amino acids were not resolved. The error bars correspond to the standard deviation found across 6 data points. * - represents statistically significant variation in amino acid content across the M2 and M2 nsf1∆.
Table 7.5: Student’s t-test statistics corresponding to free amino acid content in Riesling grape must
between M2 parent and M2 nsf1∆ mutant strains at 85% glucose fermented time point
Amino acid
D*
E*
N*
S*
H*
T*
R*
A*
GABA
Y*
C*
V*
M*
F*
I
L*
K

t-score
-12.595203
-11.37719
8.431012
0.218176
-6.664923
-2.6853
-3.824254
-12.2147
-1.517683
-2.653927
2.4031
-5.499941
2.8268
-4.617232
-0.824998
-2.6419
-2.6374
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p-value
2.55E-07
6.05E-07
7.26E-06
0.4161
4.61E-05
0.0157
0.0020
3.31E-07
0.0817
0.0132
0.0215
0.0002
0.0150
0.0006
0.2153
0.0167
0.0587

Figure 7.11: Relative content of the abundant amino acids in the M2 and M2 nsf1∆ strains in Riesling
grape must at the 85% glucose fermented time point. The Q and G amino acids were not resolved.
The error bars correspond to the standard deviation found across 6 data points. * - represents statistically significant variation in amino acid content across the M2 and M2 nsf1∆.
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7.8 Overall VFD and MFD datasets results summary
Overall, genes found in ICCs obtained from VFD and MFD datasets confirmed
previously established functional roles of NSF1 and introduced new ones. The
Interconnected Correlation Clusters (ICCs), the maximal cliques, from both MFD and
VFD datasets were analyzed. Functional assessment of genes complemented with GO
analysis found in ICCs provided the additional biological functional context to NSF1
function during fermentation.
Numerous additional NSF1 functional roles under fermentation stress conditions
were found in addition to previously established ones discussed in (Hlynialuk et al.,
2008). The most over-represented functions included positively correlated: a) general
stress response to toxins (e.g. ethanol); b) osmotic stress and reactive oxygen species; c)
regulation of carbon and energy metabolism in response to nutrient adaptation conditions
summarized in Figure 7.12. The negatively-correlated functions included: a) vesicular
transport,; b) protein degradation and synthesis linked to transcription control and the
assembly of the ribosomal complex (Figure 7.12). All these functions are typical
fermentation stresses responses and NSF1 involvement is not surprising. This study
results suggest that NSF1 functions are numerous and are all related to typical
fermentation responses. The next chapter will investigate one of the ICC predicted NSF1
functions, sulfur metabolism, via experimental lab work.
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Figure 7.12: Summary of putative NSF1 functions predicted by Interconnected Correlation Cluster
(ICC) analysis.. Abbreviations: NPC – nuclear pore complex. AdoMet-S-Adenosyl
Adenosyl methionine . TCACitric acid cycle, PKA-cAMP-dependent
dependent pathway , Met- methionine, Cys- cysteine, TOR
TOR-target of rapamycin pathway
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CHAPTER 8: NSF1 as a Sulfur Metabolism Regulator
8.1 Introduction
Our results linked NSF1 to numerous functions including sulfur metabolism under
fermentation conditions. This chapter will investigate NSF1 involvement in the sulfur
metabolism through the gene expression analysis of the key sulfur amino acid pathway
genes in the M2, M2 nsf1∆, M2 met4∆ and M2 nsf1∆met4∆ strains. In addition, Nsf1p
nuclear localization and growth under sulfur rich (S+) and limited (S-) conditions will be
investigated.
Nutrient availability is essential for growth of any organisms. S. cerevisiae elicits a
remarkable array of adaptation responses to a variety of stress and nutrient conditions. S.
cerevisiae satisfies its sulfur metabolism requirements by import of various forms of
organic and inorganic sulfur containing compounds (Thomas & Surdin-Kerjan, 1997).
Sulfur fixation is essential and involves many enzymes and the production of the key
compounds: L-cysteine, L-methionine and S-adenosylmethionine (AdoMet). The
metabolite flux through the pathway is largely controlled by the intracellular
concentration of AdoMet, the key donor of the methyl groups important in the synthesis
of nucleic acids, proteins, lipids and polyamines (Patton et al., 2000). The main genes
and intermediates of the pathway are shown in Figure 8.1.
MET4 is the key gene that regulates the activation of the MET gene network (~ 25
genes) that constitutes the sulfur amino acid biogenesis pathway. Met4p is a transcription
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factor that does not act alone but forms a multimeric complex together with trans-factors
including Cbf1p, Met28p, Met31p and Met32p that assembles on the 5’ upstream regions
of the MET genes (Rouillon et al., 2000). Depending of the specific MET gene, the
composition of the multimeric activation complexes varies, but always includes Met4p
(Rouillon et al., 2000). The MET4 involvement in MET gene regulation was initially
shown in MET16. The trimeric Cbf1p-Met4p-Met28p complex bound to the 5’TCACGTG-3’ centromere DNA element I (CDEI) sequence in the 5’ upstream region of
the MET16 (Kuras et al., 1997; O'Connell et al., 1995). The DNA binding of the Met4p is
enhanced by Cbf1p, Met28p Met31p and Met32p (Kuras et al., 1997). The assembly of
the Cbf1p-Met4p-Met28p complex at the CDEI sequence is thought to be required for
activation of the MET genes as the CDEI site was found present in upstream regions of
the MET16, MET25, MET2, MET3, MET8 and MET14 genes (O'Connell et al., 1995). In
addition, MET4 was shown to be involved in transcriptional activation of MET14, MET5,
MET2 and MET3 genes under sulfur rich conditions (Mountain et al., 1993).
Met4p levels are regulated through the intracellular concentration of an important
metabolite, AdoMet, involved in many methylation processes. Under high AdoMet
levels, the expression of MET4 is turned off by the transcriptional repressor Met30p
(Rouillon et al., 2000; Thomas et al., 1995). In addition, SCFMet30 ubiquitin-ligase
complex regulates expression of the MET gene network via degradation of Met4p under
sulfur rich conditions. An increase in Met4p levels more strongly activates MET genes
and sulfur amino acid metabolism and vice-versa (Rouillon et al., 2000).
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Previous studies done in the S. cerevisiae lab strain confirmed MET4 is an essential
gene as the met4∆ mutants showed methionine auxotrophy (Mountain et al., 1993). Our
results, detailed in section 7.6.6 and Table 7.2, corresponding to the MFD dataset
identified MET4 as an indirect target of the NSF1. The NSF1 has a CDEI binding site (5’TCACGGC-3’) in its 5’ upstream region (268 nt upstream of the ORF) suggesting its
expression regulation by sulfur metabolism related transcription factor complex such as
Cbf1p-Met4p-Met28p.
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as & Surdin
Surdin-Kerjan,
Figure 8.1: Sulfur amino acid biosynthesis in S. cerevisiae adapted from (Thomas
1997).. Compounds highlighted in red represent the most important end products of the sulfur am
amino acid biogenesis pathway.. Genes are shown in bold.
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8.2 Results
8.2.1

Genes of the sulfur assimilation pathway are controlled by NSF1 during Riesling
fermentation
Since identified sulfur genes in the ICC were not numerous (Table 7.2), the two

sample two-tailed unpaired t-test at 95% confidence level assuming unequal variances
existing between two groups was applied on the six microarrays corresponding to the M2
and M2 nsf1∆ samples at the 85% glucose fermented time point from the MFD dataset to
identify additional statistically significant differentially expressed genes (DEGs).
Numerous additional differentially expressed genes involved in sulfur metabolism were
identified between the M2 and M2 nsf1∆ mutant (Table 8.1 and Figure 8.2). The ratio of
1.0 between expression values for a given gene means no change in expression between
the two strains (i.e. two conditions). The expression ratio greater or lower than 1.0
between the two strains refer to up-regulation or down-regulation of a given gene,
respectively.
The relative expression levels of the sulfur metabolism related DEGs were all higher
in M2 nsf1∆, suggesting Nsf1p functions as a negative regulator of the MET genes
(Figure 8.2). This result suggests a higher sulfur metabolism rate in M2 nsf1∆ mutant.
This finding provides further evidence that NSF1 has a role in regulating sulfur
metabolism.
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Figure 8.2: The MFD dataset average mRNA expression levels ratio of the key sulfur metabolism
genes were compared between M2 nsf1∆ and M2 at the 85% glucose fermented time point. The
above genes are differentially expressed between M2 nsf1∆ and M2. Asterisk (*) denotes statistically
significant differences in gene expression across assayed conditions (absence or presence of the
NSF1) at 5% statistical significance level considering the two sample two tailed unpaired t-test with
unequal variances.
Table 8.1: MFD dataset two sample unpaired t-test statistics using two tails. The selected differentially expressed genes at 85% glucose fermented from the MFD dataset.

Gene
MET5
MET8
MET14
MET16
MET17
MET22
MET28
MET32
MMP1
SUL2

Fold Difference
(M2 nsf1∆/M2 )
2.30
1.13
1.89
1.65
2.00
1.31
1.47
1.69
3.08
2.13

t-score
-3.83
-3.04
-4.31
-4.14
-3.52
-4.18
-4.84
-14.27
-4.48
-3.74

two-tail
p value
0.0498
0.0398
0.0146
0.0340
0.0278
0.0339
0.0094
0.0040
0.0281
0.0391

SDM2nsf1∆
0.525
0.0658
0.224
0.282
0.294
0.152
0.155
0.0911
0.228
0.462

SDM2
0.142
0.0779
0.294
0.109
0.394
0.0574
0.125
0.0146
0.585
0.201

Note: p-values < 0.05 were considered statistically significant (i.e. the gene is differentially expressed between nsf1∆ and parent M2 strains)
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8.2.2

NSF1 participates in the transcriptional regulation of MET genes in changing sulfur
conditions
In order to study the possible involvement of NSF1 in sulfur metabolism under

sulfur rich (S+) and poor (S-) conditions, the subsequent experiment was carried out as
described in section 5.9. The S+ and S- conditions were based on media composition
reported in (Boer et al., 2003) and Table 5.2. For experimental design and methods please
refer to section 5.10. The expression levels of MET14, MET5, MUP3, SUL1 and SUL2
were measured by qPCR in order to investigate sulfur metabolism under S+ and Sconditions in presence or absence of the NSF1. MET14 codes for adenylylsulfate kinase
that converts 5’-adenylyl-sulfate to 3'-phosphoadenosine-5'-phosphosulfate, MET5 codes
for the sulfite reductase beta subunit that converts SO3 to H2S and MET17 (MET25)
codes for O-acetylhomoserine (thiol)-lyase that converts H2S to homocysteine. The
membrane transporter genes included: SUL1 and SUL2 code for high affinity sulfate
permeases of the anion transporter that controls the intracellular concentration of
activated sulfate intermediates, and MUP3 that codes for low affinity methionine
permease. Overall, sulfur availability and presence/absence of NSF1 did not have a
dramatic effect on the expression levels of the assayed genes (Figure 8.3 and Table 8.2).
Under S- condition all genes except NSF1 and SUL2 were down-regulated compared to
S+ condition. The gene expression regulation of MET5, MET17 and SUL1 was similar
across all tested conditions. The exception to the overall trend was represented by MUP3
and MET14. These genes were upregulated under S- conditions in the M2 nsf1∆ (Figure
8.3).
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Figure 8.3: Expression levels of key sulfur pathway and transporter genes assayed in M2 and the M2
nsf1∆ mutant in sulfur rich (S+) and sulfur limiting (S-) media. Asterisk (*) denotes statistically significant differences in gene expression across assayed conditions at 95% significance level. Statistical
significance was determined using one sample Student’s t-test. The expression ratio of 1.0 (i.e. no
expression change) is highlighted in red. The figure displays the gene expression comparison between M2 S- against M2 S+ (M2 S-/ M2 S+), M2 nsf1∆ S+ against M2 S+ (M2 nsf1∆ S+/ M2 S+), and M2
nsf1∆ S- against M2 S- (M2 nsf1∆ S- / M2 S-) conditions.
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Table 8.2: One sample Student’s t-test statistics corresponding to Figure 8.3
MET14
M2 S-/M2 S+
M2 nsf1∆ S+/M2 S+
M2 nsf1∆ S-/M2 SSUL2
M2 S-/M2 S+
M2 nsf1∆ S+/M2 S+
M2 nsf1∆ S-/M2 SSUL1
M2 S-/M2 S+
M2 nsf1∆ S+/M2 S+
M2 nsf1∆ S-/M2 SMET 17 (MET25)
M2 S-/M2 S+
M2 nsf1∆ S+/M2 S+
M2 nsf1∆ S-/M2 SMET5
M2 S-/M2 S+
M2 nsf1∆ S+/M2 S+
M2 nsf1∆ S-/M2 SMUP3
M2 S-/M2 S+
M2 nsf1∆ S+/M2 S+
M2 nsf1∆ S-/M2 SNSF1
M2 S-/M2 S+

Fold difference
0.63
0.77
1.22
Fold difference
1.30
0.93
0.85
Fold difference
0.85
0.76
0.98
Fold difference
0.94
0.99
0.86
Fold difference
0.83
0.88
0.84
Fold difference
0.88
1.07
1.21
Fold difference
1.56

Note: p-values less than 0.05 are highlighted in red.
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t-score
-5.68
-1.41
1.71
t-score
3.16
-1.280
-1.67
t-score
-1.82
-4.435
-0.14
t-score
-2.12
-0.091
-3.41
t-score
-7.43
-1.871
-1.40
t-score
-1.50
0.628
1.38
t-score
2.95

p-value
0.005
0.147
0.114
p-value
0.025
0.164
0.096
p-value
0.083
0.011
0.447
p-value
0.062
0.466
0.014
p-value
0.003
0.118
0.128
p-value
0.103
0.287
0.15
p-value
0.049

8.2.3

Sulfur conditions determine NSF1 expression and Nsf1p nuclear localization
Since Nsf1p is a transcription factor that was shown to localize to the nucleus of the

cell under salt stress and glucose limitation conditions (Hlynialuk et al., 2008), the subcellular localization of Nsf1p was investigated under S+ and S- conditions to support the
possible sulfur related phenotypes previously established by the gene expression analysis
(Figure 8.2 and Figure 8.3). The M2 strain with the GFP tagged NSF1 was transformed
with pNIC96-mCherry-hphMXplasmid. The plasmid contained functional NIC96 tagged
with the mCherry red dye to facilitate nuclear localization, as NIC96 codes for one of the
many components of the nuclear pore complex embedded in the nuclear membrane.
There were a total of four tested conditions represented as YNB S+ → YNB S+, YNB S+
→ YNB S-, YNB S- → YNB S+ and YNB S- → YNB S-. The arrow (→) represents
switch from one media to another. The experimental design and media composition is
detailed in section 5.11.1 and Table 5.2. The media shifts were done to avoid known
glucose driven localization of Nsf1p (Hlynialuk et al., 2008).
Under YNB S- à YNB S+ condition Nsf1p exits the nucleus after 30 min of the
media switch and remains mainly localized to the cytoplasm even after 6h. While Nsf1p
under YNB S- à YNB S- condition stays in the nucleus throughout the experiment
(Figure 8.4). There seems to be a delayed localization of the Nsf1p into the nucleus under
YNB S+ à YNB S+ condition, while Nsf1p under YNB S+ à YNB S- condition
localizes more readily to the nucleus (Figure 8.5). After 6h Nsf1p localizes to the nucleus
under all conditions except YNB S- à YNB S+ condition.
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Figure 8.4: The Nsf1p localization expressed from its native promoter in YNB S- à YNB S+ and YNB
S- à YNB S- media conditions. Cells were initially grown in YNB S- media into the log phase and
shifter either to fresh YNB S+ or YNB SS media.
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Figure 8.5: The Nsf1p localization expressed from its native promoter in YNB S+ à YNB S+ and
YNB S+ à YNB S- media conditions. Cells were initially grown in YNB S+ into the log phase and
shifter either to fresh YNB S+ or YNB SS media.
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8.2.4

NSF1 expression and function is correlated by Met4p
Previous results (sections 7.6.6 and 6.4.1) established an important link between

NSF1 and sulfur metabolism regulation of the MET sulfur metabolism genes confirming
the ICC algorithm predictions. The correlation between NSF1 expression and its
functional involvement in sulfur metabolism in M2 S. cerevisiae strain was further
investigated by deleting NSF1 and the MET4 in M2 nsf1∆met4∆ double mutant strain.
The experimental design and methods are detailed in section 5.10.
MET14, MET5, MUP3 and SUL1 gene expression in the M2, M2 nsf1∆/M2, M2
met4∆ and M2 nsf1∆met4∆were compared in S- media. Overall, the results indicate the
greatest gene expression variation in a single met4∆ or the double nsf1∆met4∆ mutant
compared to the parent M2 strain (Figure 8.6). The results are complemented with the
detailed t-test statistics presented in Table 8.3. Consistent with the previously reported
results (Figure 8.3), the M2 nsf1∆ mutant grown under S- conditions showed a very slight
1.1 fold up-regulation in gene expression of MET14 and MUP3 compared to M2 parent
strain, while MET5 and SUL1 showed no difference in expression under the same
conditions. The M2 met4∆ mutant under the S- condition resulted in the down-regulation
of the MET14, MET5 and NSF1 and up-regulation of the MUP3 and SUL1. MUP3
showed a significant 3.5 fold up-regulation under these conditions in M2 met4∆ mutant.
The negative regulation role of NSF1 was clearly seen in the M2 met4∆ nsf1∆ double
mutant under S- condition. MET14, MUP3 and SUL1 were all up-regulated with the
126

exception of MET5 which was downregulated in M2 met4∆ and M2 met4∆ nsf1∆ mutants
suggesting its dependency on the MET4 expression.
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Figure 8.6: The expression levels of the key sulfur pathway and transporter genes assayed in M2 and
M2 nsf1∆, met4∆ and nsf1∆met4∆ mutants in S- media. Asterisk (*) denotes statistically significant
differences in gene expression at 95% significance according to one sample t-test with population
mean = 1 (no change in gene expression).
Table 8.3: One sample Student’s t-test statistics corresponding to Figure 8.6
MET14
M2 nsf1∆ /M2
M2 met4∆/M2
M2 nsf1∆met4∆ /M2
MET5
M2 nsf1∆ /M2
M2 met4∆/M2
M2 nsf1∆met4∆ /M2
MUP3
M2 nsf1∆ /M2
M2 met4∆/M2
M2 nsf1∆met4∆ /M2
SUL1
M2 nsf1∆ /M2
M2 met4∆/M2
M2 nsf1∆met4∆ /M2
NSF1
M2 met4∆/M2

Fold difference
1.18
0.62
1.36
Fold difference
0.99
0.21
0.19
Fold difference
1.06
3.45
1.29
Fold difference
0.92
1.11
1.53
Fold difference
0.55
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t-score
1.54
-3.57
3.63
t-score
-1.62
-28.59
-56.16
t-score
0.77
10.85
3.82
t-score
-1.90
1.12
2.97
t-score
-8.42

p-value
0.132
0.019
0.034
p-value
0.09
4.5E-06
3.0E-07
p-value
0.249
0.001
0.031
p-value
0.065
0.162
0.030
p-value
0.0018

8.2.5

NSF1 and MET4 are linked through the growth phenotype
In order to find a possible growth phenotype dependant on the NSF1 expression in

the context of the MET4, the methionine auxotrophic M2 met4∆ and M2 nsf1∆ met4∆
mutant strains were grown in sulfur minimal S+ and S- media at 30°C on a shaking
platform (Table 5.2). Interestingly, the M2 nsf1∆ met4∆ showed a significantly higher
growth rates compared to M2 met4∆ independent of sulfur availability (Figure 8.7). As
expected, the M2 met4∆ mutant displayed a very weak growth (Winzeler et al., 1999).
This suggests that at least some of the growth defect of the M2 met4∆ mutant can be
attributed to the function of Nsf1p.
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Figure 8.7: The growth curve corresponding to M2 met4∆ and M2 met4∆ nsf1∆ grown under S+ and
S- conditions using the S+ and S- minimal media described in Table 5.2.
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8.3 Discussion
NSF1 involvement in sulfur metabolism was suggested by the results described in
Chapters 6 and 7. The analysis of the statistically significant DEGs from the MFD
datasets found numerous MET genes involved in sulfur metabolism (Table 8.1). To gain
a deeper understanding of the impact of NSF1 on the regulation of the sulfur metabolism
genes, a series of experiments were carried out in sulfur rich (S+) and poor

(S-)

conditions using the M2, M2 nsf1∆, M2 met4∆ and M2 nsf1∆met4∆ strains (sections 5.9
and 5.10). Under S- condition, NSF1 was up-regulated compared to the S+ condition in
M2 indicating its involvement in the response of the yeast to sulfur starvation (Figure 8.3,
M2 S-/ M2 S+). Up-regulation of NSF1 was also observed towards the end of
fermentation in both VFD and MFD datasets (data not shown). Thus, the amount of the
NSF1 signal in the cell seems to increase in response to a variety of stresses including
sulfur limitation. The down-regulation of the MET14 gene and up-regulation of the SUL2
gene in the parent strain under S- condition indicate their importance in sulfur
metabolism and distinct expression phenotypes in response to sulfur availability (Figure
8.3). Previous studies on sulfur uptake in sul1∆ and sul2∆ mutant strains showed that the
sul1∆ mutant exhibited the lowest uptake of sulfate indicating Sul1p as the primary
sulfate transporter (Cherest et al., 1997). Regulation of the SUL1, MET5 and MET17
expression levels by NSF1 was none or minimal across all tested conditions indicated by
fold differences close to 1.0 (Figure 8.3). Similarly, under S+ condition the NSF1
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knockout alone had a limited effect on the transcription levels of most assayed genes
(Figure 8.3, M2 nsf1∆ S+/M2 S+). Most genes showed slight down-regulation except
MUP3. The limited impact of the NSF1 knockout could be attributed to its predicted role
as an ‘indirect’ regulator of the sulfur metabolism by the ICC algorithm (Table 7.2). The
weak transcriptional response observed is probably also due to S. cerevisiae’s high
adaptability through the ‘genome buffering effect’ (Hartman et al., 2001) showing
genome tolerance to mutations while obscuring the expression phenotype(s). The slight
up-regulation of the MUP3 in the M2 nsf1∆ mutant under S+ conditions suggests higher
sulfur pathway utilization as compared to the M2 parent strain. Putatively the M2 nsf1∆
mutant cells under S+ and S- conditions up-regulate MUP3 expression to accommodate
for the increased cellular demands for methionine in order to synthesize key sulfur
metabolites needed for methylation and protein synthesis purposes (Figure 8.3).
MET14 and MUP3 are involved in the first steps of the sulfur amino acid biogenesis
pathway (Figure 8.1). Under S- conditions only MET14 and MUP3 were up-regulated in
M2 nsf1∆ compared to the parent strain. Nevertheless, MET14 and MUP3 showed a
distinct expression phenotype as compared to other conditions suggesting their sulfur
limitation-specific regulation by NSF1 (Figure 8.3). Under S- condition NSF1 takes the
role of a negative regulator of MET14 and MUP3 since the knockout of NSF1 caused upregulation of these genes (Figure 8.3). Their expression is thus regulated by sulfur
availability in a NSF1-dependent manner.
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This sulfur limitation study done on M2 and M2 nsf1∆ showed NSF1 as a negative
regulator of MET14 and MUP3 genes. The negative regulation of MET14 was only
observed in M2 nsf1∆ only under S- conditions while that of MUP3 was seen in both S+
and S- conditions in the M2 nsf1∆ (Figure 8.3). Thus, MUP3 negative regulation by
NSF1 seems to be non-conditional on sulfur availability. The expression of MET5,
MET17, SUL1, and SUL2 was found not significantly affected by NSF1 across assayed
conditions (Figure 8.3). We hypothesize that sulfur amino acid biogenesis pathway
utilization in M2 nsf1∆ mutant might be down-regulated based on MUP3 up-regulation in
nsf1∆ mutant as Mup3p imports into the cell the end product of the pathway, methionine,
that could provide a negative feedback inhibition to the sulfur pathway as is in the case of
the elevated intra-cellular AdoMet levels (Patton et al., 2000).
The results from the M2 and M2 nsf1∆ strains grown under S+ and S- conditions
showed a limited NSF1 involvement in gene expression control of the key sulfur
metabolism genes. In order to account of the possible ‘genome buffering’ effect
(Hartman et al., 2001) and to provide stronger evidence of NSF1 as a negative regulator
of the sulfur metabolism, additional experiments were done in S- condition using M2, M2
nsf1∆, M2 met4∆ and M2 nsf1∆met4∆ (Figure 8.6). To account for the methionine
auxotrophy and slow growth of the M2 met4∆ and M2 nsf1∆met4 mutants, all cells were
grown overnight in YNB media complemented with 2mM methionine and shifted to Sminimal media (section 5.10 and Table 5.2)
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In S- conditions the M2 nsf1∆ mutant confirmed previously reported up-regulation
of MET14 and MUP3 suggesting their negative regulation by NSF1 (Figure 8.6). The M2
met4∆ mutant grown in S- conditions had showed the expected down-regulation of the
MET14 and MET5 as reported by previous studies where the met4∆ mutant failed to
transcribe MET2, MET3, MET5 and MET14 genes (Mountain et al., 1993). In our study
the key enzymes of the sulfur amino acid pathway represented by MET14 and MET5
were also downregulated while methionine and sulfate transporters, MUP3 and SUL1,
were all up-regulated (Figure 8.6). MUP3 showed a significant 3.5 fold up-regulation in
the M2 met4∆ mutant compared to the parent in response to either partial or total
deactivation of the sulfur amino acid biogenesis pathway (Figure 8.6). In these conditions
the cell would be starved of the end product of the pathway, methionine, explaining the
activation of MUP3 expression to potentially facilitate the import of this amino acid.
The comparison between the M2 met4∆ mutant and M2 indicated that NSF1
functions downstream of the MET4. NSF1 expression is controlled by MET4 since NSF1
mRNA levels were significantly lower in the M2 met4∆ mutant (Figure 8.6). This
suggests that Met4p acts as the activator of NSF1. In addition, analysis of the NSF1 5’
upstream non-coding region revealed a Cbf1p-Met4p-Met28p binding site (5’TCACGGC-3’) -268nt upstream of the NSF1 ORF thereby providing further evidence for
the expression regulation of the NSF1 by the Met4p. Thus, the Met4p activator of the
sulfur metabolism seems to control the transcription of the Nsf1p repressor. In turn, the
Met4p levels could also be controlled by Nsf1p since the promoter region of the MET4
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contains CCCCT, the STRE, corresponding to the Nsf1p binding DNA motif (Badis et
al., 2008). The proposed regulatory model between Met4p and Nsf1p is not novel as
there are similar examples that exist within yeast. For example, during nitrogen
limitation/starvation conditions in yeast, Gln3p acts as an activator and Dal80p acts as the
repressor of nitrogen catabolite repression (NCR)-sensitive genes (Georis et al., 2009).
Thus, Gln3p and Dal80p act together to fine tune the yeast responses to nitrogen
availability (Georis et al., 2009). In this instance Gln3p is needed for the transcriptional
activation of DAL80 when the yeast is grown under nitrogen limiting conditions. The
transcriptional activator Gln3p is needed for the activation of the expression of its own
repressor Dalp80p to fine-tune the expression of Gln3p target genes. The same model
seems to apply to the relationship between Met4p and Nsf1p when it comes to the
controlled expression of some MET genes in sulfur limitation conditions.
In addition, the growth data showed greater growth rates corresponding to the M2
nsf1∆met4∆ double mutant as compared to the M2 met4∆ mutant independent of the
sulfur levels (Figure 8.7). This result suggests roles for MET4 and NSF1 in cell
proliferation. Met4p was shown to be unexpectedly linked to the cell cycle progression
and act as a negative regulator of the G1 to S phase transition by an unknown mechanism
(Kuras et al., 1997; Rouillon et al., 2000). Similar to Met4p, Nsf1p acts as the repressor
of the cell division as greater growth rates were observed in the M2 nsf1∆met4∆ mutant
(Figure 8.7).
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The nsf1∆met4∆ double mutant phenotype was the most interesting to assess
(Figure 8.6). The negative regulation by NSF1 of MET14 and MUP3 at 95% statistical
significance was confirmed (Table 8.3). Both genes were statistically significantly
upregulated in the nsf1∆met4∆ double mutant (Figure 8.6).
The regulation of SUL1 was similar to MUP3 but less drastic. The Nsf1p seems also
to negatively regulate SUL1. Finally, MET5 showed to be exclusively regulated by MET4
and not by NSF1. MET5 is positioned just before the branching point in the sulfur
assimilation pathway and thus might be regulated by other factors not including NSF1
(Figure 8.1).
Overall, NSF1 was found to be a mild negative regulator of the genes coding for the
key enzymes and transporters of sulfur amino acid biogenesis pathway with the exception
of MET5. The negative regulatory effect seen for MET14, MUP3 and SUL1 is more
pronounced in M2 nsf1∆met4∆ double mutant as compared to the M2 nsf1∆ single
mutant. Since MET14, MUP3 and SUL1 are found at the start of the sulfur amino acid
biogenesis pathway, NSF1 seems to target the key activation steps of the pathway.
Finally, the cellular localization dynamics of Nsf1p as a transcription factor were
studied using the epifluoresence microscopy under S+ and S- conditions. The microscopy
results shown in Figure 8.4 and Figure 8.5 suggest sulfur-dependent nuclear localization
phenotype of Nsf1p that correlates well with increased NSF1 expression under sulfur
limiting (S-) condition Figure 8.3. Under YNB S+ condition, Nsf1p seems to delay its
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entry into the nucleus possibly resulting in a greater activation of the sulfur pathway
compared to sulfur limiting conditions (Figure 8.5). While under YNB S- condition,
Nsf1p more rapidly enters the nucleus and possibly starts activation of the key genes
responsible for the yeast adaptation to changing nutrient conditions coupled to a partial
repression of Met4p (Figure 8.4). Under the YNB S+ → YNB S- switch, the Nsf1p
readily enters nucleus after 30 minutes post shift. While under YNB S+ → YNB S+,
Nsf1p stays in the cytoplasm up to 3h (Figure 8.5). Under the YNB S- → YNB S+
conditions, Nsf1p initially localizes to the nucleus and then re-locates to cytoplasm of the
cell after 3 hours past inoculation. Under the YNB S- → YNB S- conditions, Nsf1p stays
in the nucleus during the whole experimental time course (Figure 8.4). These results
suggest that Nsf1p is expressed and enters the nucleus in sulfur limitation conditions, and
exits the nucleus when sulfur becomes abundant in the environment.
It is important to note that YNB media contains 2% of glucose that also was shown
to affect Nsf1p nuclear localization. Glucose depletion stimulates Nsf1p entry into the
nucleus and activation of gluconeogenic genes such as FBP1 and ACS1 (Hlynialuk et al.,
2008). Nsf1p nuclear localization under YNB S+ → YNB S+ and YNB S+ → YNB Safter 6h of inoculation could not only be due to the adaptation response to the sulfur
availability, but also due to a nutrient limitation characterized by the glucose depletion
with the subsequent effect on Nsf1p cellular localization dynamics (Figure 8.5). Nsf1p
nuclear localization was shown to depend on the carbon source (Hlynialuk et al., 2008).
Thus, Nsf1p nuclear localization under YNB S+ → YNB S+ and YNB S+ → YNB S137

after 6h could be driven by the glucose depletion. While Nsf1p cellular localization
dynamics under YNB S- → YNB S+ and YNB S- → YNB S- conditions could be
predominantly driven by the sulfur limitation responses as cells are pre-cultured under
sulfur limitation YNB S- conditions before the YNB S+ or YNB S- media shift. We
hypothesize that under YNB S- → YNB S+ and YNB S- → YNB S- conditions cells first
respond to sulfur limitation (YNB S-) before taking into account the glucose depletion
after 6h. Thus, under YNB S- → YNB S+ condition, Nsf1p exits the nucleus as sulfur is
abundant (YNB S+), even though the glucose might be not (Figure 8.4).
Overall, the microscopy results confirm that Nsf1p cellular localization is also
dependent on sulfur abundance in addition to glucose levels providing extra evidence for
the involvement of NSF1 in at least partial control of sulfur metabolism.
8.4 Summary
This chapter provided empirical results with respect to the involvement of NSF1 in
sulfur metabolism. Using microarray expression data from the MFD dataset additional
MET sulfur metabolism genes were identified (Table 8.1). The transcriptome
measurements suggested NSF1 as a negative regulator of some sulfur metabolism related
genes, specifically MET14 and MUP3. NSF1 expression was elevated and Nsf1p
localized more readily to the nucleus under sulfur limiting conditions. In addition, NSF1
expression was shown to be under partial control of MET4 as M2 nsf1∆met4∆ double
mutant showed decreased NSF1 expression levels. Interestingly the MFD dataset data and
the up-regulation of MET genes suggest higher sulfur metabolism rates in M2 nsf1∆ that
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might have relevant industry applications. All these empirical results confirm the ICC
method prediction of NSF1 participation in sulfur metabolism.
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CHAPTER 9: The Overall Conclusions and Future Directions
The overall objective of this study was to employ inter-disciplinary approaches in
the context of both data mining and molecular biology fields. The main contributions of
this thesis include the application and empirical verification of the Interconnected
Correlation Cluster (ICC) method based on Correction Clustering applied to molecular
biology data analysis needs. Although the focus of this thesis was the NSF1 gene, the
ICC could be used to investigate the function of any gene. Prior to this work, NSF1 was
poorly characterized and thought to be involved mainly in nutrient and salt-stress
responses (Hlynialuk et al., 2008). This thesis undertook global approaches to investigate
NSF1 function in industrial yeast under fermentation conditions.
9.1 Summary of Results
Analysis of the VFD and MFD microarray datasets using the proposed ICC method
yielded similar results. The genes present in ICC showed NSF1 co-expression functional
neighbourhood implicating NSF1 in the general response to nutrients, osmotic stress,
toxins and carbohydrate sources; regulation of carbon and energy metabolism in response
to

nutrient

limitation/starvation;

regulation

of

protein

synthesis

and

transcription/translation control; vesicular transport and protein trafficking; and sulfur
metabolism.
The NSF1 sulfur metabolism involvement was further investigated using various
biological techniques including qPCR, fluorescent microscopy and growth profiles.
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Overall, empirical data from this study confirmed a close link between NSF1 and sulfur
metabolism. Specifically, NSF1 was identified as a negative regulator of some sulfur
metabolism genes including MET14 and MUP3 under sulfur limiting conditions. In
addition, MET4 seems to activate the NSF1 expression under sulfur limiting conditions.
The microscopy results confirmed sulfur-dependent NSF1 localization dynamics, and
showed an early nuclear localization under sulfur limitation. The obtained results have
industrial applications for wine and beer production industries concerned with sulfur-like
off odour toxic compounds including hydrogen sulfide, methanethiol, thio esters, diethyl
sulfide and others that are linked to yeast sulfur metabolism (Jackson, 2008).
9.2 Future Directions
The results obtained have implications for both computer science and biology. In
particular, ICC was shown to yield biologically relevant results. The proposed ICC
method has proven to be suitable for investigation of unknown gene functions, especially
because it can be conditioned on any gene. The logical extension of this clustering
method is to expand its ability to find multiple clusters of co-expressed groups of genes
in the microarray dataset. Formation of multiple ICCs from a given interconnected graph
is relevant for the formation of functional gene networks. Some of the functional
interconnected networks based on organism fitness scores are already available for S.
cerevisiae (Costanzo et al., 2010).
The empirical results obtained call for deeper investigation of sulfur utilization and
metabolic rates in the M2 nsf1∆ mutant compared to the parent M2 stain. Possible future
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directions include isolation of protein complexes associated with Nsf1p, and subsequent
analysis via Mass Spectroscopy or other techniques providing information on proteinprotein interactions. These techniques will provide empirically verified Nsf1p targets that
hopefully will be present in the mined interconnected correlation cluster (ICC)
conditioned on NSF1. In addition, monitoring of sulfur compound levels across both M2
and M2 nsf1∆ stains could provide information on sulfur metabolism rates in order to
confirm the preliminary results from this study.
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APPENDIX
I.

VFD Dataset (Marks et al., 2008) ICC Complete Gene List

AffyID

rNSF1

Gene

Gene

1769877_at

-0.98351

YIL052C

RPL34B

1769929_at

-0.97461

YFL034C-A

RPL22B

1770010_at

0.985314

YDL173W

PAR32

1770136_at

-0.97319

YJR123W

RPS5

1770155_at

-0.97826

YGR027C

RPS25A

1770258_at

-0.98044

YKL180W

RPL17A

1770436_at

-0.98596

YML067C

ERV41

1770448_at

-0.9685

YOR074C

CDC21

1770653_at

-0.97428

YGR214W

RPS0A

1770852_at

0.980916

YER093C

TSC11

1770882_at

-0.97563

YMR142C

RPL13B

1770971_at

-0.9845

YDR064W

RPS13

1771085_at

-0.98986

YOL120C

RPL18A

1771209_at

-0.99261

YKL122C

SRP21

1771579_at

-0.96955

YOL127W

RPL25

1771778_at

-0.99101

YJR143C

PMT4

Description
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl34Ap and has similarity to rat L34 ribosomal protein
Protein component of the large (60S) ribosomal subunit, has similarity
to Rpl22Ap and to rat L22 ribosomal protein
Putative protein of unknown function; hyperphosphorylated upon
rapamycin treatment in a Tap42p-dependent manner; green fluorescent protein (GFP)-fusion protein localizes to the cytoplasm; PAR32 is
not an essential gene
Protein component of the small (40S) ribosomal subunit, the least
basic of the non-acidic ribosomal proteins; phosphorylated in vivo;
essential for viability; has similarity to E. coli S7 and rat S5 ribosomal
proteins
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps25Bp and has similarity to rat S25 ribosomal protein
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl17Bp and has similarity to E. coli L22 and rat L17 ribosomal
proteins; copurifies with the Dam1 complex (aka DASH complex)
Protein localized to COPII-coated vesicles, forms a complex with
Erv46p; involved in the membrane fusion stage of transport; has homology to human ERGIC2 (PTX1) protein
Thymidylate synthase, required for de novo biosynthesis of pyrimidine
deoxyribonucleotides; expression is induced at G1/S
Protein component of the small (40S) ribosomal subunit, nearly identical to Rps0Bp; required for maturation of 18S rRNA along with
Rps0Bp; deletion of either RPS0 gene reduces growth rate, deletion of
both genes is lethal
Subunit of TORC2 (Tor2p-Lst8p-Avo1-Avo2-Tsc11p-Bit61p), a membrane-associated complex that regulates actin cytoskeletal dynamics
during polarized growth and cell wall integrity; involved in sphingolipid
metabolism; contains a RasGEFN domain
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl13Ap; not essential for viability; has similarity to rat L13
ribosomal protein
Protein component of the small (40S) ribosomal subunit; has similarity
to E. coli S15 and rat S13 ribosomal proteins
Protein component of the large (60S) ribosomal subunit, identical to
Rpl18Bp and has similarity to rat L18 ribosomal protein; intron of
RPL18A pre-mRNA forms stem-loop structures that are a target for
Rnt1p cleavage leading to degradation
Subunit of the signal recognition particle (SRP), which functions in
protein targeting to the endoplasmic reticulum membrane; not found
in mammalian SRP; forms a pre-SRP structure in the nucleolus that is
translocated to the cytoplasm
Primary rRNA-binding ribosomal protein component of the large (60S)
ribosomal subunit, has similarity to E. coli L23 and rat L23a ribosomal
proteins; binds to 26S rRNA via a conserved C-terminal motif
Protein O-mannosyltransferase, transfers mannose residues from
dolichyl phosphate-D-mannose to protein serine/threonine residues;
appears to form homodimers in vivo and does not complex with other
Pmt proteins; target for new antifungals
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1771802_at

0.969945
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GIP2
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-0.98156

YEL054C

RPL12A
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-0.97997
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0.980513
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VHS1
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YDR418W

RPL12B
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0.96957

YAL002W

VPS8

1772208_at

-0.97908

YBR048W

RPS11B

1772638_at

-0.9933

YLR344W

RPL26A

1772742_at

-0.95729

YLR048W

RPS0B

1772806_at

0.985093

YOL138C

RTC1

1772857_at

-0.99

YBL072C

RPS8A

1772975_at

-0.99043

YNL178W

RPS3

1772976_at

-0.9844

YBR164C

ARL1

1773648_at

-0.9701

YDL130W

RPP1B

1773664_at

0.992934

YFL033C

RIM15

1774327_at

-0.98338

YER009W

NTF2

1774470_at

-0.97697

YLR065C

---

1774476_at

-0.98867

YOR253W

NAT5

Putative regulatory subunit of the protein phosphatase Glc7p, involved in glycogen metabolism; contains a conserved motif (GVNK
motif) that is also found in Gac1p, Pig1p, and Pig2p
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl12Bp; rpl12a rpl12b double mutant exhibits slow growth
and slow translation; has similarity to E. coli L11 and rat L12 ribosomal
proteins
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl20Bp and has similarity to rat L18a ribosomal protein
Cytoplasmic serine/threonine protein kinase; identified as a high-copy
suppressor of the synthetic lethality of a sis2 sit4 double mutant, suggesting a role in G1/S phase progression; homolog of Sks1p
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl12Ap; rpl12a rpl12b double mutant exhibits slow growth
and slow translation; has similarity to E. coli L11 and rat L12 ribosomal
proteins
Membrane-associated protein that interacts with Vps21p to facilitate
soluble vacuolar protein localization; component of the CORVET complex; required for localization and trafficking of the CPY sorting receptor; contains RING finger motif
Protein component of the small (40S) ribosomal subunit; identical to
Rps11Ap and has similarity to E. coli S17 and rat S11 ribosomal proteins
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl26Bp and has similarity to E. coli L24 and rat L26 ribosomal
proteins; binds to 5.8S rRNA
Protein component of the small (40S) ribosomal subunit, nearly identical to Rps0Ap; required for maturation of 18S rRNA along with
Rps0Ap; deletion of either RPS0 gene reduces growth rate, deletion of
both genes is lethal
Protein of unknown function; may interact with ribosomes, based on
co-purification experiments; null mutation suppresses cdc13-1 temperature sensitivity
Protein component of the small (40S) ribosomal subunit; identical to
Rps8Bp and has similarity to rat S8 ribosomal protein
Protein component of the small (40S) ribosomal subunit, has apurinic/apyrimidinic (AP) endonuclease activity; essential for viability; has
similarity to E. coli S3 and rat S3 ribosomal proteins
Soluble GTPase with a role in regulation of membrane traffic; regulates potassium influx; G protein of the Ras superfamily, similar to
ADP-ribosylation factor
Ribosomal protein P1 beta, component of the ribosomal stalk, which is
involved in interaction of translational elongation factors with ribosome; accumulation is regulated by phosphorylation and interaction
with the P2 stalk component
Glucose-repressible protein kinase involved in signal transduction
during cell proliferation in response to nutrients, specifically the establishment of stationary phase; identified as a regulator of IME2; substrate of Pho80p-Pho85p kinase
Nuclear envelope protein, interacts with GDP-bound Gsp1p and with
proteins of the nuclear pore to transport Gsp1p into the nucleus
where it is an essential player in nucleocytoplasmic transport
--Subunit of the N-terminal acetyltransferase NatA (Nat1p, Ard1p,
Nat5p); N-terminally acetylates many proteins, which influences multiple processes such as the cell cycle, heat-shock resistance, mating,
sporulation, and telomeric silencing
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MET4
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---
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---
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EMC4
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-0.98441
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SRP68
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ARF1
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RPL8A

1776516_at

-0.97185
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RPL13A

--Ribosomal protein P2 beta, a component of the ribosomal stalk, which
is involved in the interaction between translational elongation factors
and the ribosome; regulates the accumulation of P1 (Rpp1Ap and
Rpp1Bp) in the cytoplasm
Putative transcription factor containing a C2H2 zinc finger; mutation
affects transcriptional regulation of genes involved in growth on nonfermentable carbon sources, response to salt stress and cell wall biosynthesis
Transcription factor that stimulates expression of proteasome genes;
Rpn4p levels are in turn regulated by the 26S proteasome in a negative feedback control mechanism; RPN4 is transcriptionally regulated
by various stress responses
Protein component of the large (60S) ribosomal subunit, has similarity
to rat L38 ribosomal protein
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl21Ap and has similarity to rat L21 ribosomal protein
Leucine-zipper transcriptional activator, responsible for the regulation
of the sulfur amino acid pathway, requires different combinations of
the auxiliary factors Cbf1p, Met28p, Met31p and Met32p
--Protein component of the small (40S) ribosomal subunit; overproduction suppresses mutations affecting RNA polymerase III-dependent
transcription; has similarity to E. coli S10 and rat S20 ribosomal proteins
Protein component of the small (40S) ribosomal subunit, required for
assembly and maturation of pre-40 S particles; mutations in human
RPS19 are associated with Diamond Blackfan anemia; nearly identical
to Rps19Ap
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps28Ap and has similarity to rat S28 ribosomal protein
--Member of a transmembrane complex required for efficient folding of
proteins in the ER; null mutant displays induction of the unfolded
protein response; human ortholog TMEM85 may function in apoptosis
Ribosomal protein 28 (rp28) of the small (40S) ribosomal subunit,
required for translational accuracy; nearly identical to Rps23Ap and
similar to E. coli S12 and rat S23 ribosomal proteins; deletion of both
RPS23A and RPS23B is lethal
N-terminally acetylated protein component of the large (60S) ribosomal subunit, nearly identical to Rpl14Bp and has similarity to rat L14
ribosomal protein; rpl14a csh5 double null mutant exhibits synthetic
slow growth
Core component of the signal recognition particle (SRP) ribonucleoprotein (RNP) complex that functions in targeting nascent secretory
proteins to the endoplasmic reticulum (ER) membrane
ADP-ribosylation factor, GTPase of the Ras superfamily involved in
regulation of coated vesicle formation in intracellular trafficking within
the Golgi; functionally interchangeable with Arf2p
Ribosomal protein L4 of the large (60S) ribosomal subunit, nearly
identical to Rpl8Bp and has similarity to rat L7a ribosomal protein;
mutation results in decreased amounts of free 60S subunits
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl13Bp; not essential for viability; has similarity to rat L13
ribosomal protein
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1776735_at

-0.97464

YER056C-A

RPL34A

1776877_at

-0.97927

YDR023W

SES1

1776901_at

0.985644

YJL077C

ICS3

1776988_at

0.99017

YER008C

SEC3

1777035_at

-0.9868

YIL148W

RPL40A

1777134_at

-0.9902

YGL103W

RPL28

1777175_at

0.990935

YGR121C

MEP1

1777227_at

-0.98979

YBL087C

RPL23A

1777263_at

-0.98186

YGL123W

RPS2

1777298_at

0.971902

YIL152W

---

1777555_at

-0.98573

YHR010W

RPL27A

1777633_at

0.980357

YGR048W

UFD1

1777817_at

-0.97787

YER074W

RPS24A

1777828_at

-0.98984

YOR280C

FSH3

1777919_at

0.974709

YKL171W

---

1777955_at

-0.99028

YGR118W

RPS23A

1777982_at

-0.96961

YOR096W

RPS7A

1778481_at

-0.97099

YOR063W

RPL3

1778578_at

0.964089

YDL115C

IWR1

1778592_at

-0.97691

YLR441C

RPS1A

Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl34Bp and has similarity to rat L34 ribosomal protein
Cytosolic seryl-tRNA synthetase, class II aminoacyl-tRNA synthetase
that aminoacylates tRNA(Ser), displays tRNA-dependent amino acid
recognition which enhances discrimination of the serine substrate,
interacts with peroxin Pex21p
Protein of unknown function
Subunit of the exocyst complex (Sec3p, Sec5p, Sec6p, Sec8p, Sec10p,
Sec15p, Exo70p, Exo84p) which mediates targeting of post-Golgi vesicles to sites of active exocytosis; Sec3p specifically is a spatial landmark for secretion
Fusion protein, identical to Rpl40Bp, that is cleaved to yield ubiquitin
and a ribosomal protein of the large (60S) ribosomal subunit with
similarity to rat L40; ubiquitin may facilitate assembly of the ribosomal
protein into ribosomes
Ribosomal protein of the large (60S) ribosomal subunit, has similarity
to E. coli L15 and rat L27a ribosomal proteins; may have peptidyl
transferase activity; can mutate to cycloheximide resistance
Ammonium permease; belongs to a ubiquitous family of cytoplasmic
membrane proteins that transport only ammonium (NH4+); expression is under the nitrogen catabolite repression regulation
Protein component of the large (60S) ribosomal subunit, identical to
Rpl23Bp and has similarity to E. coli L14 and rat L23 ribosomal proteins
Protein component of the small (40S) subunit, essential for control of
translational accuracy; phosphorylation by C-terminal domain kinase I
(CTDK-I) enhances translational accuracy; methylated on one or more
arginine residues by Hmt1p
--Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl27Bp and has similarity to rat L27 ribosomal protein
Protein that interacts with Cdc48p and Npl4p, involved in recognition
of polyubiquitinated proteins and their presentation to the 26S proteasome for degradation; involved in transporting proteins from the
ER to the cytosol
Protein component of the small (40S) ribosomal subunit; identical to
Rps24Bp and has similarity to rat S24 ribosomal protein
Putative serine hydrolase; likely target of Cyc8p-Tup1p-Rfx1p transcriptional regulation; sequence is similar to S. cerevisiae Fsh1p and
Fsh2p and the human candidate tumor suppressor OVCA2
--Ribosomal protein 28 (rp28) of the small (40S) ribosomal subunit,
required for translational accuracy; nearly identical to Rps23Bp and
similar to E. coli S12 and rat S23 ribosomal proteins; deletion of both
RPS23A and RPS23B is lethal
Protein component of the small (40S) ribosomal subunit, nearly identical to Rps7Bp; interacts with Kti11p; deletion causes hypersensitivity
to zymocin; has similarity to rat S7 and Xenopus S8 ribosomal proteins
Protein component of the large (60S) ribosomal subunit, has similarity
to E. coli L3 and rat L3 ribosomal proteins; involved in the replication
and maintenance of killer double stranded RNA virus
Protein involved in transcription from polymerase II promoters; interacts with with most of the polymerase II subunits; nucleo-cytoplasmic
shuttling protein; deletion causes hypersensitivity to the K1 killer toxin
Ribosomal protein 10 (rp10) of the small (40S) subunit; nearly identical
to Rps1Bp and has similarity to rat S3a ribosomal protein

153

1778759_at

-0.96725

YHR193C

EGD2

1778791_at

-0.98559

YHR144C

DCD1

1778934_at

-0.98886

YGL020C

GET1

1778947_at

-0.96261

YGL105W

ARC1

1778952_at

-0.98108

YDL081C

RPP1A

1779358_at

0.994747

YOL100W

PKH2

1779360_at

-0.9828

YNL256W

FOL1

1779599_at

-0.97846

YDL075W

RPL31A

1779782_at

-0.98717

YOR369C

RPS12

Alpha subunit of the heteromeric nascent polypeptide-associated
complex (NAC) involved in protein sorting and translocation, associated with cytoplasmic ribosomes
Deoxycytidine monophosphate (dCMP) deaminase required for dCTP
and dTTP synthesis; expression is NOT cell cycle regulated
Subunit of the GET complex; involved in insertion of proteins into the
ER membrane; required for the retrieval of HDEL proteins from the
Golgi to the ER in an ERD2 dependent fashion and for normal mitochondrial morphology and inheritance
Protein that binds tRNA and methionyl- and glutamyl-tRNA synthetases (Mes1p and Gus1p), delivering tRNA to them, stimulating catalysis,
and ensuring their localization to the cytoplasm; also binds quadruplex
nucleic acids
Ribosomal stalk protein P1 alpha, involved in the interaction between
translational elongation factors and the ribosome; accumulation of P1
in the cytoplasm is regulated by phosphorylation and interaction with
the P2 stalk component
Serine/threonine protein kinase involved in sphingolipid-mediated
signaling pathway that controls endocytosis; activates Ypk1p and
Ykr2p, components of signaling cascade required for maintenance of
cell wall integrity; redundant with Pkh1p
Multifunctional enzyme of the folic acid biosynthesis pathway, has
dihydropteroate synthetase, dihydro-6-hydroxymethylpterin pyrophosphokinase, and dihydroneopterin aldolase activities
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl31Bp and has similarity to rat L31 ribosomal protein; associates with the karyopherin Sxm1p; loss of both Rpl31p and Rpl39p
confers lethality
Protein component of the small (40S) ribosomal subunit; has similarity
to rat ribosomal protein S12

1780069_at

0.986984

YKR005C

---

---

Note: rNSF1 refers to Pearson correlation coefficient (PCC) calculated by comparison of
the NSF1 to every other gene expression profiles.
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II.

MFD Dataset ICC Complete Gene List

AffyID

rNSF1

Gene

Gene

Description
Mitochondrial ribosomal protein of the small subunit; contains twin
cysteine-x9-cysteine motifs

1775316_at

1.000

YDL045W-A

MRP10

1778209_at

0.999

YMR286W

MRPL33

1778008_at

0.999

YPR078C

NA

1771139_at

0.999

YIL004C

BET1

1777854_at

0.999

YGL248W

PDE1

1774113_at

0.998

YGR030C

POP6

1774631_at

0.998

YMR182W-A

NA

1778293_at

0.998

YKR075C

NA

1775713_at

0.998

YNL103W

MET4

1774546_at

0.997

YLR135W

SLX4

1769732_at

0.997

YOL077W-A

ATP19

1778462_at

0.997

YNL277W-A

NA

1771260_at

0.997

YPR005C

HAL1

1779555_at

0.997

YGR063C

SPT4

1769626_at

0.997

YMR291W

NA

1770414_at

0.997

YJL166W

QCR8

1770431_at

0.997

YKR062W

TFA2

1772031_at

0.996

YJR045C

SSC1

Putative protein of unknown function
Cytoplasmic protein involved in halotolerance; decreases intracellular
Na+ (via Ena1p) and increases intracellular K+ by decreasing efflux;
expression repressed by Ssn6p-Tup1p and Sko1p and induced by
NaCl, KCl, and sorbitol through Gcn4p
Protein involved in the regulating Pol I and Pol II transcription, premRNA processing, kinetochore function, and gene silencing; forms a
complex with Spt5p
Putative kinase of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to the cytoplasm and nucleus;
YMR291W is not an essential gene
Subunit 8 of ubiquinol cytochrome-c reductase complex, which is a
component of the mitochondrial inner membrane electron transport
chain; oriented facing the intermembrane space; expression is regulated by Abf1p and Cpf1p
TFIIE small subunit, involved in RNA polymerase II transcription initiation
Hsp70 family ATPase, constituent of the import motor component of
the Translocase of the Inner Mitochondrial membrane (TIM23 complex); involved in protein translocation and folding; subunit of SceI
endonuclease

1771806_at

0.996

YDR374C

NA

Putative protein of unknown function

1772126_at

0.996

YBR040W

FIG1

Integral membrane protein required for efficient mating; may partici-

Mitochondrial ribosomal protein of the large subunit
Putative protein of unknown function; possible role in DNA metabolism and/or in genome stability; expression is heat-inducible
Type II membrane protein required for vesicular transport between
the endoplasmic reticulum and Golgi complex; v-SNARE with similarity to synaptobrevins
Low-affinity cyclic AMP phosphodiesterase, controls glucose and
intracellular acidification-induced cAMP signaling, target of the
cAMP-protein kinase A (PKA) pathway; glucose induces transcription
and inhibits translation
Subunit of both RNase MRP, which cleaves pre-rRNA, and nuclear
RNase P, which cleaves tRNA precursors to generate mature 5' ends
Putative protein of unknown function
Protein of unknown function; similar to YOR062Cp and Reg1p; expression regulated by glucose and Rgt1p; GFP-fusion protein is induced in response to the DNA-damaging agent MMS
Leucine-zipper transcriptional activator, responsible for the regulation of the sulfur amino acid pathway, requires different combinations of the auxiliary factors Cbf1p, Met28p, Met31p and Met32p
Endonuclease involved in processing DNA during recombination and
repair; cleaves branched structures in a complex with Slx1p; involved
in Rad1p/Rad10p-dependent removal of 3'-nonhomologous tails
during DSBR via single-strand annealing
Subunit k of the mitochondrial F1F0 ATP synthase, which is a large
enzyme complex required for ATP synthesis; associated only with the
dimeric form of ATP synthase

155

pate in or regulate the low affinity Ca2+ influx system, which affects
intracellular signaling and cell-cell fusion during mating
Putative chaperone of the HSP40 (DNAJ) family; overexpression interferes with propagation of the [Psi+] prion; the authentic, non-tagged
protein is detected in highly purified mitochondria in high-throughput
studies
1,3-beta-glucanosyltransferase, involved with Gas2p in spore wall
assembly; has similarity to Gas1p; localizes to the cell wall
Mitochondrial inner membrane protein, required for accumulation of
spliced COX1 mRNA; may have an additional role in translation of
COX1 mRNA
Protein that forms a complex with the Sit4p protein phosphatase and
is required for its function; member of a family of similar proteins
including Sap4p, Sap185p, and Sap190p
Protein of unknown function, putative transcriptional regulator;
proposed to be a Ada Histone acetyltransferase complex component;
GFP tagged protein is localized to the cytoplasm and nucleus
Putative protein of unknown function, potential Cdc28p substrate;
transcription is activated by paralogous transcription factors Yrm1p
and Yrr1p along with genes involved in multidrug resistance
Putative SCF ubiquitin ligase F-box protein; interacts physically with
both Cdc53p and Skp1 and genetically with CDC34; similar to putative
F-box protein YDR131C
Putative protein of unconfirmed function; green fluorescent protein
(GFP)-fusion protein localizes to the nucleus
Meiosis-specific protein that initiates meiotic recombination by catalyzing the formation of double-strand breaks in DNA via a transesterification reaction; required for homologous chromosome pairing and
synaptonemal complex formation
Subunit of the mitochondrial F1F0 ATP synthase, which is a large
enzyme complex required for ATP synthesis; termed subunit I or
subunit j; does not correspond to known ATP synthase subunits in
other organisms
Mitochondrial outer membrane protein, required for assembly of the
translocase of the outer membrane (TOM) complex and thereby for
mitochondrial protein import; N terminus is exposed to the cytosol:
transmembrane segment is highly conserved

1773890_at

0.996

YNL077W

APJ1

1771489_at

0.996

YOL132W

GAS4

1771930_at

0.996

YLR204W

QRI5

1777029_at

0.996

YFR040W

SAP155

1776196_at

0.996

YCR082W

AHC2

1778735_at

0.996

YGR035C

NA

1778871_at

0.996

YJL149W

DAS1

1776594_at

0.996

YGR093W

NA

1773240_at

0.996

YHL022C

SPO11

1776217_at

0.996

YML081C-A

ATP18

1773631_at

0.996

YOL026C

MIM1

1773520_at

0.996

YDR514C

NA

1777917_at

0.996

YDR277C

MTH1

1775959_at

0.996

YGR169C-A

NA

1776260_at

0.996

YPL055C

LGE1

Putative protein of unknown function
Protein of unknown function; null mutant forms abnormally large
cells, and homozygous diploid null mutant displays delayed premeiotic DNA synthesis and reduced efficiency of meiotic nuclear division

1772945_at

0.995

YBR230W-A

NA

Putative protein of unknown function

1775596_at

0.995

YKR025W

RPC37

1770269_at

0.995

YNR020C

ATP23

1771937_at

0.995

YLR323C

CWC24

1776350_at

0.995

YLR431C

ATG23

RNA polymerase III subunit C37
Putative metalloprotease of the mitochondrial inner membrane,
required for processing of Atp6p; has an additional role in assembly
of the F0 sector of the F1F0 ATP synthase complex
Essential protein, component of a complex containing Cef1p; has
similarity to S. pombe Cwf24p
Peripheral membrane protein required for the cytoplasm-to-vacuole
targeting (Cvt) pathway and efficient macroautophagy; cycles between the phagophore assembly site (PAS) and non-PAS locations;

Putative protein of unknown function
Negative regulator of the glucose-sensing signal transduction pathway, required for repression of transcription by Rgt1p; interacts with
Rgt1p and the Snf3p and Rgt2p glucose sensors; phosphorylated by
Yck1p, triggering Mth1p degradation
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forms a complex with Atg9p and Atg27p

1772864_at

0.995

YKR100C

SKG1

1778201_at

0.994

YDL129W

NA

1769935_at

0.994

YLL027W

ISA1

1774775_at

0.994

YHR184W

SSP1

1775254_at

0.994

YER050C

RSM18

1774126_at

0.994

YDR148C

KGD2

1776685_at

0.994

YPR018W

RLF2

1771000_at

0.994

YIL006W

YIA6

1777196_at

0.994

YKR097W

PCK1

1776030_at

0.994

YHR150W

PEX28

1773560_at

0.993

YBL033C

RIB1

1771177_at

0.993

YLR224W

NA

1774548_at

0.993

YMR188C

MRPS17

1769323_at

0.993

YKL012W

PRP40

1780217_at

0.993

YGR161C

RTS3

1775443_at

0.993

YHR033W

NA

1778891_at

0.993

YMR287C

DSS1

1771104_at

0.993

YIL073C

SPO22

Transmembrane protein with a role in cell wall polymer composition;
localizes on the inner surface of the plasma membrane at the bud
and in the daughter cell
Putative protein of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to the cytoplasm and the nucleus;
YDL129W is not an essential gene
Mitochondrial matrix protein involved in biogenesis of the iron-sulfur
(Fe/S) cluster of Fe/S proteins, isa1 deletion causes loss of mitochondrial DNA and respiratory deficiency; depletion reduces growth on
nonfermentable carbon sources
Protein involved in the control of meiotic nuclear division and coordination of meiosis with spore formation; transcription is induced midway through meiosis
Mitochondrial ribosomal protein of the small subunit, has similarity
to E. coli S18 ribosomal protein
Dihydrolipoyl transsuccinylase, component of the mitochondrial
alpha-ketoglutarate dehydrogenase complex, which catalyzes the
oxidative decarboxylation of alpha-ketoglutarate to succinyl-CoA in
the TCA cycle; phosphorylated
Largest subunit (p90) of the Chromatin Assembly Complex (CAF-1)
with Cac2p and Msi1p that assembles newly synthesized histones
onto recently replicated DNA; involved in the maintenance of transcriptionally silent chromatin
Mitochondrial NAD+ transporter, involved in the transport of NAD+
into the mitochondria (see also YEA6); member of the mitochondrial
carrier subfamily; disputed role as a pyruvate transporter; has putative mouse and human orthologs
Phosphoenolpyruvate carboxykinase, key enzyme in gluconeogenesis, catalyzes early reaction in carbohydrate biosynthesis, glucose
represses transcription and accelerates mRNA degradation, regulated
by Mcm1p and Cat8p, located in the cytosol
Peroxisomal integral membrane peroxin, involved in the regulation of
peroxisomal size, number and distribution; genetic interactions suggest that Pex28p and Pex29p act at steps upstream of those mediated by Pex30p, Pex31p, and Pex32p
GTP cyclohydrolase II; catalyzes the first step of the riboflavin biosynthesis pathway
F-box protein and component of SCF ubiquitin ligase complexes involved in ubiquitin-dependent protein catabolism; readily monoubiquitinated in vitro by SCF-Ubc4 complexes; YLR224W is not an essential gene
Mitochondrial ribosomal protein of the small subunit
U1 snRNP protein involved in splicing, interacts with the branchpointbinding protein during the formation of the second commitment
complex
Putative component of the protein phosphatase type 2A complex
Putative protein of unknown function; epitope-tagged protein localizes to the cytoplasm
3'-5' exoribonuclease, component of the mitochondrial degradosome
along with the ATP-dependent RNA helicase Suv3p; the degradosome
associates with the ribosome and mediates turnover of aberrant or
unprocessed RNAs
Meiosis-specific protein essential for chromosome synapsis, involved
in completion of nuclear divisions during meiosis; induced early in
meiosis
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1775231_at

0.993

YGL033W

HOP2

1774689_at

0.993

YER161C

SPT2

1779423_at

0.993

YOR242C

SSP2

1778259_at

0.993

YDR143C

SAN1

1770437_at

0.993

YPR015C

NA

1772055_at

0.992

YDR247W

VHS1

1771643_at

0.992

YGR223C

HSV2

1775918_at

0.992

YER159C

BUR6

1775729_at

0.992

YNL117W

MLS1

1776134_at

0.992

YAL032C

PRP45

1778408_at

0.992

YIL015W

BAR1

1773507_at

0.992

YOR214C

NA

1775341_at

0.992

YMR255W

GFD1

1777138_at

0.991

YKL052C

ASK1

1776530_at

0.991

YOR324C

FRT1

1780160_at

0.991

YMR252C

NA

1770388_at

0.991

YDR243C

PRP28

1775118_at

0.991

YDR088C

SLU7

Meiosis-specific protein that localizes to chromosomes, preventing
synapsis between nonhomologous chromosomes and ensuring synapsis between homologs; complexes with Mnd1p to promote homolog pairing and meiotic double-strand break repair
Protein involved in negative regulation of transcription; required for
RNA polyadenylation; exhibits regulated interactions with both histones and SWI-SNF components, has similarity to mammalian HMG1
proteins
Sporulation specific protein that localizes to the spore wall; required
for sporulation at a point after meiosis II and during spore wall formation; SSP2 expression is induced midway in meiosis
Ubiquitin-protein ligase, involved in the proteasome-dependent
degradation of aberrant nuclear proteins; contains intrinsically disordered regions that contribute to substrate recognition
Putative protein of unknown function; overexpression causes a cell
cycle delay or arrest
Cytoplasmic serine/threonine protein kinase; identified as a highcopy suppressor of the synthetic lethality of a sis2 sit4 double mutant, suggesting a role in G1/S phase progression; homolog of Sks1p
Phosphatidylinositol 3,5-bisphosphate-binding protein, plays a role in
micronucleophagy; predicted to fold as a seven-bladed betapropeller; displays punctate cytoplasmic localization
Subunit of a heterodimeric NC2 transcription regulator complex with
Ncb2p; complex binds to TBP and can repress transcription by preventing preinitiation complex assembly or stimulate activated transcription; homologous to human NC2alpha
Malate synthase, enzyme of the glyoxylate cycle, involved in utilization of non-fermentable carbon sources; expression is subject to
carbon catabolite repression; localizes in peroxisomes during growth
in oleic acid medium
Protein required for pre-mRNA splicing; associates with the spliceosome and interacts with splicing factors Prp22p and Prp46p; orthologous to human transcriptional coactivator SKIP and can activate
transcription of a reporter gene
Aspartyl protease secreted into the periplasmic space of mating type
a cells, helps cells find mating partners, cleaves and inactivates alpha
factor allowing cells to recover from alpha-factor-induced cell cycle
arrest
Putative protein of unknown function; YOR214C is not an essential
gene
Coiled-coiled protein of unknown function, identified as a high-copy
suppressor of a dbp5 mutation
Essential subunit of the Dam1 complex (aka DASH complex), couples
kinetochores to the force produced by MT depolymerization thereby
aiding in chromosome segregation; phosphorylated during the cell
cycle by cyclin-dependent kinases
Tail-anchored ER membrane protein that is a substrate of the phosphatase calcineurin; interacts with homolog Frt2p; promotes cell
growth in stress conditions, possibly via a role in posttranslational
translocation
Putative protein of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to mitochondria; YMR252C is not an
essential gene
RNA helicase in the DEAD-box family, involved in RNA isomerization
at the 5' splice site
RNA splicing factor, required for ATP-independent portion of 2nd
catalytic step of spliceosomal RNA splicing; interacts with Prp18p;
contains zinc knuckle domain
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1777888_at

0.991

YHR151C

MTC6

1773653_at

0.991

YDR463W

STP1

1775147_at

0.991

YJR005C-A

NA

1774660_at

0.991

YLR023C

IZH3

1771914_at

0.990

YKL072W

STB6

1774857_at

0.990

YER173W

RAD24

1770699_at

0.990

YDR192C

NUP42

1769450_at

0.990

YER035W

EDC2

1773597_at

0.990

YDR313C

PIB1

1770721_at

0.990

YPR062W

FCY1

1779710_at

0.990

YDR482C

CWC21

1773681_at

0.990

YBR105C

VID24

1771729_at

0.990

YDR186C

NA

1770238_at

0.990

YDL028C

MPS1

1779133_at

0.990

YGR238C

KEL2

1772540_at

-0.967

YER028C

MIG3

1777479_at

-0.968

YER057C

HMF1

1774900_at

-0.968

YAR028W

NA

Protein of unknown function; mtc6 is synthetically sick with cdc13-1
Transcription factor, undergoes proteolytic processing by SPS (Ssy1pPtr3p-Ssy5p)-sensor component Ssy5p in response to extracellular
amino acids; activates transcription of amino acid permease genes
and may have a role in tRNA processing
Putative protein of unknown function, originally identified as a syntenic homolog of an <i>Ashbya gossypii</i> gene
Membrane protein involved in zinc ion homeostasis, member of the
four-protein IZH family, expression induced by zinc deficiency; deletion reduces sensitivity to elevated zinc and shortens lag phase, overexpression reduces Zap1p activity
Protein that binds Sin3p in a two-hybrid assay
Checkpoint protein, involved in the activation of the DNA damage
and meiotic pachytene checkpoints; subunit of a clamp loader that
loads Rad17p-Mec3p-Ddc1p onto DNA; homolog of human and S.
pombe Rad17 protein
Subunit of the nuclear pore complex (NPC) that localizes exclusively
to the cytoplasmic side; involved in RNA export, most likely at a terminal step; interacts with Gle1p
RNA-binding protein, activates mRNA decapping directly by binding
to the mRNA substrate and enhancing the activity of the decapping
proteins Dcp1p and Dcp2p; has a role in translation during heat stress
RING-type ubiquitin ligase of the endosomal and vacuolar membranes, binds phosphatidylinositol(3)-phosphate; contains a FYVE
finger domain
Cytosine deaminase, zinc metalloenzyme that catalyzes the hydrolytic
deamination of cytosine to uracil; of biomedical interest because it
also catalyzes the deamination of 5-fluorocytosine (5FC) to form
anticancer drug 5-fluorouracil (5FU)
Protein involved in RNA splicing by the spliceosome; component of a
complex containing Cef1p; interacts genetically with ISY1 and BUD13;
may bind RNA; has similarity to S. pombe Cwf21p
Peripheral membrane protein located at Vid (vacuole import and
degradation) vesicles; regulates fructose-1,6-bisphosphatase (FBPase)
targeting to the vacuole; promotes proteasome-dependent catabolite
degradation of FBPase
Putative protein of unknown function; may interact with ribosomes,
based on co-purification experiments; green fluorescent protein
(GFP)-fusion protein localizes to the cytoplasm
Dual-specificity kinase required for spindle pole body (SPB) duplication and spindle checkpoint function; substrates include SPB proteins
Spc42p, Spc110p, and Spc98p, mitotic exit network protein Mob1p,
and checkpoint protein Mad1p
Protein that functions in a complex with Kel1p to negatively regulate
mitotic exit, interacts with Tem1p and Lte1p; localizes to regions of
polarized growth; potential Cdc28p substrate
Probable transcriptional repressor involved in response to toxic
agents such as hydroxyurea that inhibit ribonucleotide reductase;
phosphorylation by Snf1p or the Mec1p pathway inactivates Mig3p,
allowing induction of damage response genes
Member of the p14.5 protein family with similarity to Mmf1p, functionally complements Mmf1p function when targeted to mitochondria; heat shock inducible; high-dosage growth inhibitor; forms a
homotrimer in vitro
Putative integral membrane protein, member of DUP240 gene family;
GFP-fusion protein is induced in response to the DNA-damaging
agent MMS
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RPL16A

Protein of unknown function with similarity to Tfs1p; transcription is
activated by paralogous proteins Yrm1p and Yrr1p along with proteins involved in multidrug resistance; GFP-tagged protein localizes to
the cytoplasm and nucleus
General repressor of transcription, forms complex with Cyc8p, involved in the establishment of repressive chromatin structure
through interactions with histones H3 and H4, appears to enhance
expression of some genes
Gamma subunit of translational elongation factor eEF1B, stimulates
the binding of aminoacyl-tRNA (AA-tRNA) to ribosomes by releasing
eEF1A (Tef1p/Tef2p) from the ribosomal complex
Protein component of the small (40S) ribosomal subunit, the least
basic of the non-acidic ribosomal proteins; phosphorylated in vivo;
essential for viability; has similarity to E. coli S7 and rat S5 ribosomal
proteins
Dynamin-like GTPase required for vacuolar sorting; also involved in
actin cytoskeleton organization, endocytosis, late Golgi-retention of
some proteins, regulation of peroxisome biogenesis
Alpha subunit of the heteromeric nascent polypeptide-associated
complex (NAC) involved in protein sorting and translocation, associated with cytoplasmic ribosomes
Inosine monophosphate dehydrogenase, catalyzes the first step of
GMP biosynthesis, member of a four-gene family in S. cerevisiae,
constitutively expressed
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl26Bp and has similarity to E. coli L24 and rat L26 ribosomal
proteins; binds to 5.8S rRNA
Glutamyl-tRNA synthetase (GluRS), forms a complex with methionyltRNA synthetase (Mes1p) and Arc1p; complex formation increases
the catalytic efficiency of both tRNA synthetases and ensures their
correct localization to the cytoplasm
Non-ATPase regulatory subunit of the 26S proteasome, has similarity
to putative proteasomal subunits in other species; null mutant is
temperature sensitive and exhibits cell cycle and proteasome assembly defects
WD repeat protein required for ubiquitin-mediated protein degradation, forms complex with Cdc48p, plays a role in controlling cellular
ubiquitin concentration; also promotes efficient NHEJ in postdiauxic/stationary phase
Protein component of the small (40S) ribosomal subunit, has apurinic/apyrimidinic (AP) endonuclease activity; essential for viability; has
similarity to E. coli S3 and rat S3 ribosomal proteins
Glutamine-dependent NAD(+) synthetase, essential for the formation
of NAD(+) from nicotinic acid adenine dinucleotide
Plasma membrane protein involved in remodeling GPI anchors;
member of the MBOAT family of putative membrane-bound Oacyltransferases; proposed to be involved in glycerol transport
Putative metalloprotease
GTPase-activating protein, stimulates the GTPase activity of Sar1p;
component of the Sec23p-Sec24p heterodimer of the COPII vesicle
coat, involved in ER to Golgi transport
Protein component of the large (60S) ribosomal subunit, identical to
Rpl18Bp and has similarity to rat L18 ribosomal protein; intron of
RPL18A pre-mRNA forms stem-loop structures that are a target for
Rnt1p cleavage leading to degradation
N-terminally acetylated protein component of the large (60S) ribosomal subunit, binds to 5.8 S rRNA; has similarity to Rpl16Bp, E. coli
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L13 and rat L13a ribosomal proteins; transcriptionally regulated by
Rap1p
Component of the Paf1p complex that binds to and modulates the
activity of RNA polymerases I and II; required for expression of certain genes, modification of some histones, and telomere maintenance
Protein component of the small (40S) ribosomal subunit, nearly identical to Rps7Bp; interacts with Kti11p; deletion causes hypersensitivity to zymocin; has similarity to rat S7 and Xenopus S8 ribosomal
proteins
Protein component of the small (40S) ribosomal subunit; identical to
Rps8Bp and has similarity to rat S8 ribosomal protein
Ribosomal protein L4 of the large (60S) ribosomal subunit, nearly
identical to Rpl8Bp and has similarity to rat L7a ribosomal protein;
mutation results in decreased amounts of free 60S subunits
Anthranilate synthase, catalyzes the initial step of tryptophan biosynthesis, forms multifunctional hetero-oligomeric anthranilate synthase:indole-3-glycerol phosphate synthase enzyme complex with
Trp3p
Putative protein of unknown function; has homology to FLO1; possible pseudogene
eIF3a subunit of the core complex of translation initiation factor 3
(eIF3), essential for translation; part of a Prt1p-Rpg1p-Nip1p subcomplex that stimulates binding of mRNA and tRNA(i)Met to ribosomes; involved in translation reinitiation
Dolichol phosphate mannose (Dol-P-Man) synthase of the ER membrane, catalyzes the formation of Dol-P-Man from Dol-P and GDPMan; required for glycosyl phosphatidylinositol membrane anchoring, O mannosylation, and protein glycosylation
Epoxide hydrolase, member of the alpha/beta hydrolase fold family;
may have a role in detoxification of epoxides
Glutathione synthetase, catalyzes the ATP-dependent synthesis of
glutathione (GSH) from gamma-glutamylcysteine and glycine; induced by oxidative stress and heat shock
Dihydroorotase, catalyzes the third enzymatic step in the de novo
biosynthesis of pyrimidines, converting carbamoyl-L-aspartate into
dihydroorotate
Ribosomal protein 10 (rp10) of the small (40S) subunit; nearly identical to Rps1Ap and has similarity to rat S3a ribosomal protein
Essential component of the conserved oligomeric Golgi complex
(Cog1p through Cog8p), a cytosolic tethering complex that functions
in protein trafficking to mediate fusion of transport vesicles to Golgi
compartments
DNA Polymerase phi; has sequence similarity to the human MybBP1A
and weak sequence similarity to B-type DNA polymerases, not required for chromosomal DNA replication; required for the synthesis
of rRNA
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps21Ap and has similarity to rat S21 ribosomal protein
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps18Ap and has similarity to E. coli S13 and rat S18 ribosomal proteins
Exosome core complex catalytic subunit; possesses both endonuclease and 3'-5' exonuclease activity; involved in 3'-5' RNA processing
and degradation in both the nucleus and the cytoplasm; has similarity
to E. coli RNase R and to human DIS3
Beta subunit of the capping protein (CP) heterodimer (Cap1p and
Cap2p) which binds to the barbed ends of actin filaments preventing
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further polymerization; localized predominantly to cortical actin
patches
Subunit of the N-terminal acetyltransferase NatA (Nat1p, Ard1p,
Nat5p); N-terminally acetylates many proteins, which influences
multiple processes such as the cell cycle, heat-shock resistance, mating, sporulation, and telomeric silencing
Subunit of the mRNA cleavage and polyadenlylation factor (CPF);
required for pre-mRNA cleavage, polyadenylation and poly(A) site
recognition, 43% similarity with the mammalian CPSF-100 protein.
Protein with similarity to iron/copper reductases (FRE1-8), possibly
involved in iron homeostasis; may interact with ribosomes; null mutant displays elevated frequency of mitochondrial genome loss
Essential structural subunit of the nuclear pore complex (NPC), localizes to the nuclear periphery of nuclear pores, homologous to human
p205
Component of serine palmitoyltransferase, responsible along with
Lcb1p for the first committed step in sphingolipid synthesis, which is
the condensation of serine with palmitoyl-CoA to form 3ketosphinganine
Protein that forms a complex with Pbp1p that may mediate posttranscriptional regulation of HO; involved in propagation of M2 dsRNA
satellite of L-A virus; allelic variation affects mitochondrial genome
stability, drug resistance, and more
Protein O-mannosyltransferase, transfers mannose from dolichyl
phosphate-D-mannose to protein serine/threonine residues of secretory proteins; reaction is essential for cell wall rigidity; member of a
family of mannosyltransferases
Adenylate kinase, required for purine metabolism; localized to the
cytoplasm and the mitochondria; lacks cleavable signal sequence
Cytosolic seryl-tRNA synthetase, class II aminoacyl-tRNA synthetase
that aminoacylates tRNA(Ser), displays tRNA-dependent amino acid
recognition which enhances discrimination of the serine substrate,
interacts with peroxin Pex21p
Clathrin heavy chain, subunit of the major coat protein involved in
intracellular protein transport and endocytosis; two heavy chains
form the clathrin triskelion structural component; the light chain
(CLC1) is thought to regulate function
Subunit A of the eight-subunit V1 peripheral membrane domain of
the vacuolar H+-ATPase; protein precursor undergoes self-catalyzed
splicing to yield the extein Tfp1p and the intein Vde (PI-SceI), which is
a site-specific endonuclease
Gamma glutamylcysteine synthetase catalyzes the first step in glutathione (GSH) biosynthesis; expression induced by oxidants, cadmium,
and mercury
Protein of unknown function; null mutant is defective in unfolded
protein response; possibly involved in a membrane regulation metabolic pathway; member of the PhzF superfamily, though most likely
not involved in phenazine production
Protein required for beta-1,6 glucan biosynthesis; mutations result in
aberrant morphology and severe growth defects
Mitochondrial protein required for transamination of isoleucine but
not of valine or leucine; may regulate specificity of branched-chain
transaminases Bat1p and Bat2p; interacts genetically with mitochondrial ribosomal protein genes
Protein component of the small (40S) ribosomal subunit; identical to
Rps16Ap and has similarity to E. coli S9 and rat S16 ribosomal proteins
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TGL1

Putative transporter, member of a family of seven S. cerevisiae genes
(AVT1-7) related to vesicular GABA-glycine transporters
Alpha 3 subunit of the 20S proteasome, the only nonessential 20S
subunit; may be replaced by the alpha 4 subunit (Pre6p) under stress
conditions to create a more active proteasomal isoform
Citrate synthase, catalyzes the condensation of acetyl coenzyme A
and oxaloacetate to form citrate, peroxisomal isozyme involved in
glyoxylate cycle; expression is controlled by Rtg1p and Rtg2p transcription factors
3-deoxy-D-arabino-heptulosonate-7-phosphate (DAHP) synthase,
catalyzes the first step in aromatic amino acid biosynthesis and is
feedback-inhibited by tyrosine or high concentrations of phenylalanine or tryptophan
Subunit C of the eight-subunit V1 peripheral membrane domain of
vacuolar H+-ATPase (V-ATPase), an electrogenic proton pump found
throughout the endomembrane system; required for the V1 domain
to assemble onto the vacuolar membrane
Subunit of the Nup84p subcomplex of the nuclear pore complex
(NPC), localizes to both sides of the NPC, required to establish a normal nucleocytoplasmic concentration gradient of the GTPase Gsp1p
Cytoplasmic thioredoxin isoenzyme of the thioredoxin system which
protects cells against oxidative and reductive stress, forms LMA1
complex with Pbi2p, acts as a cofactor for Tsa1p, required for ERGolgi transport and vacuole inheritance
Ubiquitin activating enzyme (E1), involved in ubiquitin-mediated
protein degradation and essential for viability
Putative protein of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to the cytoplasm; YLL007C is not an
essential gene
Protein component of the small (40S) ribosomal subunit; has similarity to E. coli S15 and rat S13 ribosomal proteins
Subunit beta1 of the nascent polypeptide-associated complex (NAC)
involved in protein targeting, associated with cytoplasmic ribosomes;
enhances DNA binding of the Gal4p activator; homolog of human
BTF3b
Protein component of the large (60S) ribosomal subunit, identical to
Rpl2Bp and has similarity to E. coli L2 and rat L8 ribosomal proteins
NAP family histone chaperone; binds to histones and Rtt109p, stimulating histone acetyltransferase activity; possesses nucleosome assembly activity in vitro; proposed role in vacuolar protein sorting and
in double-strand break repair
Possible U3 snoRNP protein involved in maturation of pre-18S rRNA,
based on computational analysis of large-scale protein-protein interaction data
Myristoylated serine/threonine protein kinase involved in vacuolar
protein sorting; functions as a membrane-associated complex with
Vps34p; active form recruits Vps34p to the Golgi membrane; interacts with the GDP-bound form of Gpa1p
Protein of unknown function that may interact with ribosomes; periodically expressed during the yeast metabolic cycle; phosphorylated
in vitro by the mitotic exit network (MEN) kinase complex,
Dbf2p/Mob1p
Steryl ester hydrolase, one of three gene products (Yeh1p, Yeh2p,
Tgl1p) responsible for steryl ester hydrolase activity and involved in
sterol homeostasis; localized to lipid particle membranes
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Alpha 6 subunit of the 20S proteasome
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Phosphorylated and palmitoylated vacuolar membrane protein that
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GGA2

interacts with Atg13p, required for the cytoplasm-to-vacuole targeting (Cvt) pathway; interacts with Nvj1p to form nucleus-vacuole junctions
Protein with a role in cellular adhesion, filamentous growth, and
endosome-to-vacuole sorting; similar to Tmn2p and Tmn3p; member
of Transmembrane Nine family of proteins with 9 transmembrane
segments
Ribosomal protein 28 (rp28) of the small (40S) ribosomal subunit,
required for translational accuracy; nearly identical to Rps23Ap and
similar to E. coli S12 and rat S23 ribosomal proteins; deletion of both
RPS23A and RPS23B is lethal
Subunit of the Ssh1 translocon complex; Sec61p homolog involved in
co-translational pathway of protein translocation; not essential
Protein of unknown function; green fluorescent protein (GFP)-fusion
protein localizes to the cell periphery and vacuole
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps22Ap and has similarity to E. coli S8 and rat S15a ribosomal proteins
Mucin family member that functions as an osmosensor in the Sho1pmediated HOG pathway with Msb2p; proposed to be a negative
regulator of filamentous growth; mutant displays defects in beta-1,3
glucan synthesis and bud site selection
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps22Bp and has similarity to E. coli S8 and rat S15a ribosomal
proteins
Protein localized to COPII-coated vesicles, involved in vesicle formation and incorporation of specific secretory cargo
Protein component of the small (40S) ribosomal subunit; identical to
Rps24Ap and has similarity to rat S24 ribosomal protein
Subunit of the nuclear pore complex (NPC), involved in the structural
organization of the complex and of the nuclear envelope, also involved in nuclear envelope permeability, interacts with Pom152p and
Nic96p
Protein required for optimal translation under nutrient stress; perturbs association of Yef3p with ribosomes; involved in TOR signaling;
binds G4 quadruplex and purine motif triplex nucleic acid; helps
maintain telomere structure
Ribosomal protein 51 (rp51) of the small (40s) subunit; nearly identical to Rps17Ap and has similarity to rat S17 ribosomal protein
Major orotate phosphoribosyltransferase (OPRTase) isozyme that
catalyzes the fifth enzymatic step in de novo biosynthesis of pyrimidines, converting orotate into orotidine-5'-phosphate; minor OPRTase encoded by URA10
Transporter of the ATP-binding cassette (ABC) family involved in bile
acid transport; similar to mammalian bile transporters
Beta 1 subunit of the 20S proteasome, responsible for cleavage after
acidic residues in peptides
RNA binding protein with preference for single stranded tracts of U's
involved in synthesis of both 18S and 5.8S rRNAs; component of both
the ribosomal small subunit (SSU) processosome and the 90S preribosome
Putative protein of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to the cytoplasm; YOR385W is not an
essential gene
Protein that interacts with and regulates Arf1p and Arf2p in a GTPdependent manner to facilitate traffic through the late Golgi; binds
phosphatidylinositol 4-phosphate, which plays a role in TGN localization; has homology to gamma-adaptin
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RPS0B

Essential component of the Sorting and Assembly Machinery (SAM or
TOB complex) of the mitochondrial outer membrane, which binds
precursors of beta-barrel proteins and facilitates their outer membrane insertion; homologous to bacterial Omp85
Translation initiation factor eIF4G, subunit of the mRNA cap-binding
protein complex (eIF4F) that also contains eIF4E (Cdc33p); interacts
with Pab1p and with eIF4A (Tif1p); also has a role in biogenesis of the
large ribosomal subunit
Protein containing an N-terminal SH3 domain; binds Las17p, which is
a homolog of human Wiskott-Aldrich Syndrome protein involved in
actin patch assembly and actin polymerization
Protein component of the small (40S) ribosomal subunit; identical to
Rps6Ap and has similarity to rat S6 ribosomal protein
Putative protein of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to the vacuole
Vacuolar cation channel, mediates release of Ca(2+) from the vacuole
in response to hyperosmotic shock
Protein of unknown function involved in telomere maintenance;
target of UME6 regulation
Microsomal beta-keto-reductase; contains oleate response element
(ORE) sequence in the promoter region; mutants exhibit reduced
VLCFA synthesis, accumulate high levels of dihydrosphingosine, phytosphingosine and medium-chain ceramides
Plasma membrane multidrug transporter of the major facilitator
superfamily, acts as an extrusion permease; partial multicopy suppressor of gal11 mutations
Putative protein of unknown function; deletion mutant has decreased rapamycin resistance but normal wormannin resistance;
green fluorescent protein (GFP)-fusion protein localizes to the vacuole
Glucosyl transferase, involved in N-linked glycosylation; adds glucose
to the dolichol-linked oligosaccharide precursor prior to transfer to
protein during lipid-linked oligosaccharide biosynthesis; similar to
Alg6p
Cysteinyl-tRNA synthetase; may interact with ribosomes, based on
co-purification experiments
Nucleoporin, subunit of the nuclear pore complex (NPC); forms a
subcomplex with Gle2p, Nup159p, Nsp1p, and Nup116p and is required for proper localization of Nup116p in the NPC
Cytosolic asparaginyl-tRNA synthetase, required for protein synthesis,
catalyzes the specific attachment of asparagine to its cognate tRNA
Adenine phosphoribosyltransferase, catalyzes the formation of AMP
from adenine and 5-phosphoribosylpyrophosphate; involved in the
salvage pathway of purine nucleotide biosynthesis
Cytoplasmic and mitochondrial histidine tRNA synthetase; encoded
by a single nuclear gene that specifies two messages; efficient mitochondrial localization requires both a presequence and an aminoterminal sequence
G-protein beta subunit and guanine nucleotide dissociation inhibitor
for Gpa2p; ortholog of RACK1 that inhibits translation; core component of the small (40S) ribosomal subunit; represses Gcn4p in the
absence of amino acid starvation
Essential beta-coat protein of the COPI coatomer, involved in ER-toGolgi protein trafficking and maintenance of normal ER morphology;
shares 43% sequence identity with mammalian beta-coat protein
(beta-COP)
Protein component of the small (40S) ribosomal subunit, nearly identical to Rps0Ap; required for maturation of 18S rRNA along with
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1775167_at

-0.979

YER131W

RPS26B

1778573_at

-0.979

YBR025C

OLA1

1770653_at

-0.979

YGR214W

RPS0A

1774093_at

-0.979

YJR001W

AVT1

1775031_at

-0.979

YIL109C

SEC24

1772287_at

-0.979

YHR018C

ARG4

Rps0Ap; deletion of either RPS0 gene reduces growth rate, deletion
of both genes is lethal
Delta 1-pyrroline-5-carboxylate reductase, catalyzes the last step in
proline biosynthesis
Protein component of the small (40S) subunit, essential for control of
translational accuracy; phosphorylation by C-terminal domain kinase I
(CTDK-I) enhances translational accuracy; methylated on one or more
arginine residues by Hmt1p
DNA ligase found in the nucleus and mitochondria, an essential enzyme that joins Okazaki fragments during DNA replication; also acts
in nucleotide excision repair, base excision repair, and recombination
Putative protein of unknown function; similar to uncharacterized
proteins from other fungi
Essential iron-sulfur protein required for ribosome biogenesis and
translation initiation and termination; facilitates binding of a multifactor complex (MFC) of initiation factors to the small ribosomal
subunit; predicted ABC family ATPase
Positive regulator of the Gcn2p kinase activity, forms a complex with
Gcn20p; proposed to stimulate Gcn2p activation by an uncharged
tRNA
Transportin or cytosolic karyopherin beta 2; functions in the rgnuclear localization signal-mediated nuclear import/reimport of
mRNA-binding proteins Nab2p and Hrp1p; regulates asymmetric
protein synthesis in daughter cells during mitosis
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl9Bp and has similarity to E. coli L6 and rat L9 ribosomal
proteins
Conserved protein involved in autophagy and the Cvt pathway; undergoes conjugation with Atg12p to form a complex involved in
Atg8p lipidation; conjugated Atg12p also forms a complex with
Atg16p that is essential for autophagosome formation
Acetolactate synthase, catalyses the first common step in isoleucine
and valine biosynthesis and is the target of several classes of inhibitors, localizes to the mitochondria; expression of the gene is under
general amino acid control
Protein component of the large (60S) ribosomal subunit, identical to
Rpl43Ap and has similarity to rat L37a ribosomal protein
Constitutively expressed acid phosphatase similar to Pho5p; brought
to the cell surface by transport vesicles; hydrolyzes thiamin phosphates in the periplasmic space, increasing cellular thiamin uptake;
expression is repressed by thiamin
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps26Ap and has similarity to rat S26 ribosomal protein
P-loop ATPase with similarity to human OLA1 and bacterial YchF;
identified as specifically interacting with the proteasome; protein
levels are induced by hydrogen peroxide
Protein component of the small (40S) ribosomal subunit, nearly identical to Rps0Bp; required for maturation of 18S rRNA along with
Rps0Bp; deletion of either RPS0 gene reduces growth rate, deletion
of both genes is lethal
Vacuolar transporter, imports large neutral amino acids into the
vacuole; member of a family of seven S. cerevisiae genes (AVT1-7)
related to vesicular GABA-glycine transporters
Component of the Sec23p-Sec24p heterodimer of the COPII vesicle
coat, required for cargo selection during vesicle formation in ER to
Golgi transport; homologous to Sfb2p and Sfb3p
Argininosuccinate lyase, catalyzes the final step in the arginine biosynthesis pathway
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1779126_at

-0.979

YHL003C

LAG1

1774264_at

-0.979

YGL054C

ERV14

1778865_at

-0.979

YLR106C

MDN1

1770065_at

-0.979

YBR011C

IPP1

1776994_at

-0.980

YEL002C

WBP1

1778046_at

-0.980

YBR229C

ROT2

1774885_at

-0.980

YJL172W

CPS1

1773805_at

-0.980

YJR098C

NA

1776025_at

-0.980

YBR189W

RPS9B

1778851_at

-0.981

YBR160W

CDC28

1777477_at

-0.981

YCR034W

FEN1

1772939_at

-0.981

YOR168W

GLN4

1778133_s_at

-0.981

YGL076C

RPL7A

1779917_at

-0.982

YML036W

CGI121

1780184_at

-0.982

YNR021W

NA

1778947_at

-0.982

YGL105W

ARC1

1775044_at

-0.982

YBR115C

LYS2

Ceramide synthase component, involved in synthesis of ceramide
from C26(acyl)-coenzyme A and dihydrosphingosine or phytosphingosine, functionally equivalent to Lac1p
Protein localized to COPII-coated vesicles, involved in vesicle formation and incorporation of specific secretory cargo; required for the
delivery of bud-site selection protein Axl2p to cell surface; related to
Drosophila cornichon
Huge dynein-related AAA-type ATPase (midasin), forms extended
pre-60S particle with the Rix1 complex (Rix1p-Ipi1p-Ipi3p); acts in
removal of ribosomal biogenesis factors at successive steps of pre60S assembly and export from nucleus
Cytoplasmic inorganic pyrophosphatase (PPase), homodimer that
catalyzes the rapid exchange of oxygens from Pi with water, highly
expressed and essential for viability, active-site residues show identity to those from E. coli PPase
Beta subunit of the oligosaccharyl transferase (OST) glycoprotein
complex; required for N-linked glycosylation of proteins in the endoplasmic reticulum
Glucosidase II catalytic subunit required for normal cell wall synthesis; mutations in rot2 suppress tor2 mutations, and are synthetically
lethal with rot1 mutations
Vacuolar carboxypeptidase yscS; expression is induced under lownitrogen conditions
Putative protein of unknown function; the authentic, non-tagged
protein is detected in highly purified mitochondria in high-throughput
studies
Protein component of the small (40S) ribosomal subunit; nearly identical to Rps9Ap and has similarity to E. coli S4 and rat S9 ribosomal
proteins
Catalytic subunit of the main cell cycle cyclin-dependent kinase
(CDK); alternately associates with G1 cyclins (CLNs) and G2/M cyclins
(CLBs) which direct the CDK to specific substrates
Fatty acid elongase, involved in sphingolipid biosynthesis; acts on
fatty acids of up to 24 carbons in length; mutations have regulatory
effects on 1,3-beta-glucan synthase, vacuolar ATPase, and the secretory pathway
Glutamine tRNA synthetase, monomeric class I tRNA synthetase that
catalyzes the specific glutaminylation of tRNA(Glu); N-terminal domain proposed to be involved in enzyme-tRNA interactions
Protein component of the large (60S) ribosomal subunit, nearly identical to Rpl7Bp and has similarity to E. coli L30 and rat L7 ribosomal
proteins; contains a conserved C-terminal Nucleic acid Binding Domain (NDB2)
Component of the EKC/KEOPS complex with Bud32p, Kae1p, Pcc1p,
and Gon7p; EKC/KEOPS complex is required for t6A tRNA modification and may have roles in telomere maintenance and transcription;
Cgi121p is dispensable for tRNA modification
Putative protein of unknown function; green fluorescent protein
(GFP)-fusion protein localizes to the endoplasmic reticulum;
YNR021W is not an essential gene
Protein that binds tRNA and methionyl- and glutamyl-tRNA synthetases (Mes1p and Gus1p), delivering tRNA to them, stimulating catalysis, and ensuring their localization to the cytoplasm; also binds quadruplex nucleic acids
Alpha aminoadipate reductase, catalyzes the reduction of alphaaminoadipate to alpha-aminoadipate 6-semialdehyde, which is the
fifth step in biosynthesis of lysine; activation requires posttranslational phosphopantetheinylation by Lys5p
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1772832_at

-0.983

YFR009W

GCN20

1770565_at

-0.983

YDR127W

ARO1

1774348_at

-0.983

YGR172C

YIP1

1771778_at

-0.983

YJR143C

PMT4

1779331_at

-0.983

YOR198C

BFR1

1774376_at

-0.983

YDR158W

HOM2

1778555_at

-0.984

YOR270C

VPH1

1775957_at

-0.984

YLR412W

BER1

1772487_at

-0.984

YLR148W

PEP3

1769383_at

-0.984

YIR021W

MRS1

1769703_at

-0.985

YJL097W

PHS1

1774604_at

-0.985

YIL078W

THS1

1771387_at

-0.985

YKR003W

OSH6

1774373_at

-0.986

YNL130C

CPT1

1773107_at

-0.987

YPL234C

VMA11

1775974_at

-0.988

YGL202W

ARO8

Positive regulator of the Gcn2p kinase activity, forms a complex with
Gcn1p; proposed to stimulate Gcn2p activation by an uncharged
tRNA
Pentafunctional arom protein, catalyzes steps 2 through 6 in the
biosynthesis of chorismate, which is a precursor to aromatic amino
acids
Integral membrane protein required for the biogenesis of ER-derived
COPII transport vesicles; interacts with Yif1p and Yos1p; localizes to
the Golgi, the ER, and COPII vesicles
Protein O-mannosyltransferase, transfers mannose residues from
dolichyl phosphate-D-mannose to protein serine/threonine residues;
appears to form homodimers in vivo and does not complex with
other Pmt proteins; target for new antifungals
Component of mRNP complexes associated with polyribosomes;
implicated in secretion and nuclear segregation; multicopy suppressor of BFA (Brefeldin A) sensitivity
Aspartic beta semi-aldehyde dehydrogenase, catalyzes the second
step in the common pathway for methionine and threonine biosynthesis; expression regulated by Gcn4p and the general control of
amino acid synthesis
Subunit a of vacuolar-ATPase V0 domain, one of two isoforms (Vph1p
and Stv1p); Vph1p is located in V-ATPase complexes of the vacuole
while Stv1p is located in V-ATPase complexes of the Golgi and endosomes
Protein involved in microtubule-related processes, N-acetylation;
GFP-fusion protein localizes to the cytoplasm and is induced in response to the DNA-damaging agent MMS; YLR412W is not an essential gene; similar to Arabidopsis SRR1 gene
Component of CORVET tethering complex; vacuolar peripheral membrane protein that promotes vesicular docking/fusion reactions in
conjunction with SNARE proteins, required for vacuolar biogenesis
Protein required for the splicing of two mitochondrial group I introns
(BI3 in COB and AI5beta in COX1); forms a splicing complex, containing four subunits of Mrs1p and two subunits of the BI3-encoded
maturase, that binds to the BI3 RNA
Essential 3-hydroxyacyl-CoA dehydratase of the ER membrane, involved in elongation of very long-chain fatty acids; evolutionarily
conserved, similar to mammalian PTPLA and PTPLB; involved in
sphingolipid biosynthesis and protein trafficking
Threonyl-tRNA synthetase, essential cytoplasmic protein
Member of an oxysterol-binding protein family with overlapping,
redundant functions in sterol metabolism and which collectively
perform a function essential for viability; GFP-fusion protein localizes
to the cell periphery
Cholinephosphotransferase, required for phosphatidylcholine biosynthesis and for inositol-dependent regulation of EPT1 transcription
Vacuolar ATPase V0 domain subunit c', involved in proton transport
activity; hydrophobic integral membrane protein (proteolipid) containing four transmembrane segments; N and C termini are in the
vacuolar lumen
Aromatic aminotransferase I, expression is regulated by general control of amino acid biosynthesis

Note: rNSF1 refers to Pearson correlation coefficient (PCC) calculated by comparison of
the NSF1 to every other gene expression profiles.
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III.

The Source Code that was Used to Extract and Normalize Microarray Data

%this is MATLAB code for gene analysis of mA data from Nsf1 study
% 1 Jan 2011
cd 'D:\UofG Courses\M.Sc in Bioinformatics\my_uA_data\cel_files';
ExprDM = affyrma( ' ', 'Yeast_2.cdf', 'Method', 'RMA', 'OUTPUT', 'log2');
get(ExprDM);

ExprAffyID=ExprDM.RowNames; %extracts AffyIDs from read cel files
[AffyID,ORF]=textread('Yeast_2_annot.txt','%s%s');
[AnnoArray]= [AffyID,ORF];
for i=1:length(ExprDM.RowNames)
%go through rows and convert affyid to gene name
for j=1:length(ExprDM.RowNames)
if

strcmp(ExprAffyID(i), AnnoArray(j,1) ) == 1

AffyIDtoORFs(i,:)=AnnoArray(j,2);
break;
end
end
end
%remove s1 from s. pombe gene names before addting to expression matrix
for i=1:length(AffyIDtoORFs)
t{i}=regexprep(AffyIDtoORFs{i}, '.S1', ' ');
end
AffyIDtoORFs=t'; %convert row to column
%replace AffyIds with GeneNames !!!!!!!
DMObjNew = rownames(ExprDM, 1:length(AffyIDtoORFs), AffyIDtoORFs);

%FILTER S.POMPE GENES OUT
i=1; if_loop=1; del_idx=[]
while i<=length(rownames(DMObjNew))
%returns 1 if gene name starts with 'S' or 'A'
reg=regexp(rownames(DMObjNew(i,:)), '^[S-A]*', 'start');
if reg{:} == 1
del_idx(if_loop,1)=i; reg=[]; if_loop=if_loop+1;
end
i=i+1;
end
%remove service and S.pombe probes from gene names and AffyIDs
DMObjNew(del_idx,:)=[]; ExprAffyID(del_idx)=[]; AffyIDtoORFs(del_idx)=[];
%save normalized RMA data from 12 arrays into tab delim file;
cd 'D:\UofG Courses\M.Sc in Bioinformatics\my_uA_data';
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dmwrite(DMObjNew, 'RMA_Normalized_log2_data_12.txt', 'Delimiter', '\t'); %rownames are
assigned automatically based on .CEL file name
fid = fopen('AffyIDs_and_GeneNames_filtered_FROM_S_POMPE.txt', 'w');
fprintf(fid, 'AffyID\tGene_Name\n' );
for i=1:length(ExprAffyID)
fprintf(fid, '%s\t%s\n', ExprAffyID{i}, AffyIDtoORFs{i});
end
fclose(fid);

IV.

The Source Code that was Used to Find the ICC in a Graph

#this R code will take expression data and construct the maximal clique (ICC)
#the method uses median values accross microarray 2 replicates (not minimal distance
between signals)
setwd("D:/UofG Courses/M.Sc in Bioinformatics/my_uA_data/maximal_Clique_co-expression");
#the raw matrix came from RMA_Normalized_log2_data_12.txt file (from MATLAB)
# Row names [331A_24h 331A20% 331A85% 331B_24h
331B20% 331B85% 349B_24h
349B85% 349C_24h
349C20% 349C85%]

349B20%

raw_data<-matrix(scan("bare_expr_matrix_331_samples_only.txt", skip=1),ncol=6,byrow=T);

#sort data for each time point in ascending order and use all 6 microarrays (overestimation of the correlation to NSF1 expression profile)
tmp_matrix = rep(0, length(raw_data)); dim(tmp_matrix)=c(length(raw_data)/6, 6);
for(i in c(1:length(raw_data)/6) )
{
tmp_matrix[i,1:2]= sort(raw_data[i,c(1,4)]);
tmp_matrix[i,3:4]=sort(raw_data[i,c(2,5)]);
tmp_matrix[i,5:6]=sort(raw_data[i,c(3,6)]);
}
raw_data=tmp_matrix;
features=scan("array_AffyIDs.txt", what="character");
row.names(raw_data)=features;
colnames(raw_data)=scan("bare_expr_matrix_331_samples_only.txt", nlines=1,
what="character");

#---------------------CORRELATION TO NSF1 EXPRESSION PROFILE----------------#
corNsf1=c(rep(0,length(features))); # cor(raw_data["USV1", ], raw_data["CSM4", ]);
for(i in c(1:length(features))){
if((sd(raw_data[features[i],]) ) !=0 )
{
# probe'1775271_at' corresponds to NSF1 gene
corNsf1[i]=cor(raw_data["1775271_at", ], raw_data[features[i], ] );
}
else {corNsf1[i]=0}
}
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dim(corNsf1)=c(length(corNsf1),1);
row.names(corNsf1)=features;
#create informative file with correlation values to NSF1 and gene names
library("yeast2.db");

#affyid=scan("array_AffyIDs.txt", what="character");
chrom_num=rep(0,length(features)); chr_loc=rep(0,length(features));
descrip=rep(0,length(features)); gene_name=rep(0,length(features));
gene_symbol=rep(0,length(features));
#creating annotation file and converting AffyIDs to gene names
for(i in c(1:length(features))){
chrom_num[i]=get(features[i], env = yeast2CHR);
chr_loc[i]=get(features[i], env = yeast2CHRLOC);
descrip[i]=get(features[i], env = yeast2DESCRIPTION);
gene_name[i]=get(features[i], env = yeast2GENENAME);
gene_symbol[i]=get(features[i], env = yeast2ORF);}
corNsf1=cbind(corNsf1,gene_symbol);corNsf1=cbind(corNsf1,gene_name);
corNsf1=cbind(corNsf1,chrom_num); corNsf1=cbind(corNsf1,chr_loc);
corNsf1=cbind(corNsf1,descrip);
write.csv(corNsf1, file="corNsf1genes_my_uA_ascend_sort_6points_on_GVY331.csv");
#------------SELECT GENES(FEATURES) TO DO COMPLETE-LINK CLUSTERING ON---------#Create CORRELATION MATRIX (LINK TABLE) from INPUT FILE and INPUT FEATURES
setwd("D:/UofG Courses/M.Sc in Bioinformatics/my_uA_data/maximal_Clique_co-expression")
row<-matrix(scan("selected_features.txt", what = character() ),ncol=1,byrow=T);
column=row;
#recreate the expression matrix with lableled row names (genes)
#create matrix to store link data
graph_table=c(rep(0,length(row)*length(column)));
graph_table=matrix(graph_table, nrow=length(row), ncol=length(column));
colnames(graph_table)<-column;
rownames(graph_table)<-row;

for(j in c(1:length(row))){
i=1;
while(i <= length(column))

{

graph_table[j,i]=( cor(raw_data[row[j], ], raw_data[column[i], ] ) );
i=i+1;
}#inner for loop
} #outer for loop
write.csv(graph_table, file="cor_link_table0.95.csv");
#transforming original graph_table to link table (1=Pass 0=Fail)
link_table=graph_table;
for(i in c(1:length(row)))
{
for(j in c(1:length(column)))

{

if(link_table [i,j] > 0.95 | link_table[i,j] < -0.95)
{link_table[i,j]=1;}
else
{link_table[i,j]=0;}
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}#for column

}#for row
write.table(link_table, file = "link_table_r_gt_0.95_no_features.txt", row.names=FALSE,
col.names=FALSE);
library ('graph')
library ('RBGL')

setwd("D:/UofG Courses/M.Sc in Bioinformatics/my_uA_data/maximal_Clique_coexpression/sort_clique_form");
features_for_link_table=scan("confusion_matrix_features_sort_6points_based_r_+0.95.txt",
what = character() );
#ask for link table file that will be used to find max clique
cat('Link table data table file name?');
file_name_linktable=scan(what='character', nlines=1);
#----------FIND MAXIMAL CLIQUE (ICC)----------------------------link_table=matrix(scan(file_name_linktable, what =
integer()),ncol=length(features_for_link_table),byrow=T);

colnames(link_table)=features_for_link_table; rownames(link_table)<features_for_link_table;
#transform adjacency/confusion/link matrix into graph object
G <- new("graphAM", adjMat=link_table)
#A graphAM graph with undirected edges
#Number of Nodes = 264
#Number of Edges = 18575

MaxClique=maxClique(G);
#show me first 2
MaxClique$maxCliques[1]
length(MaxClique$maxCliques[[1]])

write.table(MaxClique$maxCliques[[1]], file =
"MaxClique_from_GVY331_6points_r_gr_0.95.txt", row.names=FALSE, col.names=FALSE,
quote=FALSE);
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