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Abstract
Asymmetric cell division is an important mechanism for the differentiation of cells
during embryogenesis and cancer development. Saccharomyces cerevisiae divides
asymmetrically and is therefore used as a model system for understanding the
mechanisms behind asymmetric cell division. Ace2p is a transcriptional factor in
yeast that localizes primarily to the daughter nucleus during cell division. The
distribution of Ace2p is visualized using a fusion protein with yellow fluorescent
protein (YFP) and confocal microscopy.

Systems biology provides a new approach to investigating biological systems
through the use of quantitative models. The localization of the transcriptional
factor Ace2p in yeast during cell division has been modelled using ordinary dif-
ferential equations. Herein such modelling has been evaluated. A 2-compartment
model for the localization of Ace2p in yeast post-cytokinesis proposed in earlier
work was found to be insufficient when new data was included in the model eval-
uation. Ace2p localization in the dividing yeast cell pair before cytokinesis has
been investigated using a similar approach and was found to not explain the data
to a significant degree.

A 3-compartment model is proposed. The improvement in comparison to the 2-
compartment model was statistically significant. Simulations of the 3-compartment
model predicts a fast decrease in the amount of Ace2p in the cytosol close to the
nucleus during the first seconds after each bleaching of the fluorescence. Ex-
perimental investigation of the cytosol close to the nucleus could test if the fast
dynamics are present after each bleaching of the fluorescence.

The parameters in the model have been estimated using the profile likelihood
approach in combination with global optimization with simulated annealing. Con-
fidence intervals for parameters have been found for the 3-compartment model of
Ace2p localization post-cytokinesis. In conclusion, the profile likelihood approach
has proven a good method of estimating parameters, and the new 3-compartment
model allows for reliable parameter estimates in the post-cytokinesis situation. A
new Matlab-implementation of the profile likelihood method is appended.
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Chapter 1

Introduction

Every cell in a human body has the same DNA which codes for all proteins and
thus the cell’s general behaviour and responses. Despite having the same genetic
make-up, it is easy to realize that different tissues have different characteristics,
just by looking at for example the eye and the skin. With the DNA being the same
there has to be something else that explain the differentiation of the cells during
embryogenesis. In this project the system studied consists of yeast cells during cell
division. While a decidedly simpler organism than multi-cellular organisms and
their organs, yeast can still offer valuable insight into how the cell differentiation
works. A better understanding of cellular differentiation has the potential to be
useful in stem cell research and also to understand diseases such as cancer. From
a stem cell many different types of cells can be derived and the knowledge of how
this works can lead to new medical applications. When a cancer is developed the
cells in the body change their type spontaneously. It has been shown that cancers
often develop from the latent stem cells in the body [12].

Systems biology is a way of looking at biological systems from a more com-
prehensive approach. One method in systems biology is to use models of a high
complexity that reflect the behaviour of the system. With systems biology the
system under investigation can be described using mathematical models, and the
proposed behaviour of the system can be statistically examined. Insight can be
gained by modelling asymmetric cell division in which mechanisms make the cells
that result from a simple cell division different. Purposed explanations can be
tested and reaction rates can be found.

The introduction will start with a general overview of asymmetric cell division
and continue with an introduction to the systems biology approach. To bring
the two parts together, a description of the project and previous work ends the
introduction.

1.1 Asymmetric Cell Division
The result of cell division is often described as being two in all parts equal cells.
This is, however, not the case in many instances during development of multi-

1



2 Introduction

cellular beings, but also in the reproductive division of some single-cellular organ-
isms. In fact, asymmetric cell division is partially responsible for cellular differen-
tiation [1] that leads to the fact that all somatic cells in a certain multi-cellular
organisms have the same genetic material while having widely varying morphology
and function.

1.1.1 Different Mechanisms
Asymmetric cell division can result from several different mechanisms and the
exact workings are not fully known. However, it is an active field of research
and several different mechanisms have been discovered. A short overview of the
principles will be given in the following.

The study of asymmetric cell division in multi-cellular animals often uses the
model organisms Drosophila and Caenorhabditis elegans [5]. The early develop-
ment of these organisms has been thoroughly characterized and the development
of different specialized cells can be visualized using different techniques. While
the direct applications are limited, it has been found that many of the causative
proteins, at least in Drosophila, have homologs in humans and other vertebrates
[12]. The mechanisms can be divided into two major groups: intrinsic, where the
factors are present within the cell, and extrinsic, where the asymmetry derives
from the difference in environment for the two resulting cells [7].

The influence of external factors for asymmetric cell division can be shown
when the small separation in space between the two cells resulting from a division
leads to enough difference in concentration of determining factors to give the two
cells different fates [7]. The extrinsic factors are primarily important in the de-
velopment of multi-cellular organisms, where, for most cell types, the individual
cells do not migrate to compensate for different environmental conditions. The
cell division initially results in two identical cells, but the fate is then determined
by the environment [12].

The separation of the cell content during cell division is usually supposed to
give each cell the same resources. The intrinsic mechanisms for asymmetric cell
division instead localize some components primarily to one of the cells. The initial
difference between the mother and the daughter cells then results in an asymmetry
that will continue to determine cell fate [12]. These components can be proteins,
cellular membranes and in some cases even DNA and are called cell fate deter-
minants [13]. If the asymmetrically localized proteins are expression factors, this
does lead to a chain reaction that increases the differences between the two cells
over time. This has been shown to be the case in Drosophila stem cell differentia-
tion, where the distribution of some proteins is crucial to the fate of the new cells
[19]. In some cases the asymmetric cell division results in markedly different cell
sizes. In C. elegans and Drosophila it has been shown that the placement of the
mitotic spindle determines the cell sizes. In symmetrical cell division the spindle
is placed in the middle of the dividing cell, and each resulting cell gets the same
amount of cytoplasm. In asymmetrical cell division the spindle is in a non-central
position and the resulting mother-daughter pair are of unequal size [12]. Intrinsic
factors come into play in both single cell and multi-cellular organisms.
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1.1.2 Saccharomyces cerevisiae as Model System
Yeast, Saccharomyces cerevisiae, is one of the most commonly used experimen-
tal systems when studying asymmetric cell division [12]. The yeast genome is
completely sequenced and there are a wide variety of cell lines available and new
cell lines can be created with suitable properties. The ease of handling and the
short generation time are some advantages, but the suitability is primarily drawn
from the fact that yeast’s reproductive division is highly asymmetrical with both
morphological differences and more subtle differences in the biochemical make-up
of the daughter and mother cell. The daughter cells are a distinct type, and the
yeast cells switch type when reproducing by budding. The budding leaves a bud
scar on the mother cell while the daughter instead gets a birth scar. The scars
have different structure and can be used to distinguish between the cell types using
microscopy and staining techniques[1].

The cell cycles of mother cells and daughter cells have been shown to have
different time frames, where time for a daughter to divide is longer than what it
takes for yeast cell that has already reproduces via budding [2]. Since yeast is
a single-cellular organism, the causative agent has to be some internal cell fate
determinant that separates asymmetrically. It has been shown that the difference
in cell type depends on both factors that stay in the mother cell and factors that
move exclusively to the daughter cell.

While understanding the asymmetric cell division in yeast can be interesting in
and of itself, the larger implications are important. At the cell level, the differences
between different organisms are often not as large as might be interfered from
the differences in morphology. Even if many proteins are yeast specific and not
found in any other organisms of interest, the general mechanisms can give clues to
regulation in other systems. Mechanisms active in yeast have been found in other
organisms [1], and has implications for the development of stem cells and cancer
treatments.

1.2 Systems Biology
Biological systems are large and complex and the normal approach when trying
to understand them is to isolate the parts and look at them separately. Since in-
teractions are ubiquitous in biology, the process of removing interactions removes
information from the system. The result of this is that when the different parts
described separately are put together they can not describe the whole. Systems
biology uses the development of computational tools to look at biological phe-
nomena as whole systems which are large, complex and have many interactions.
It combines biology and mathematical analysis of system behaviour to gain new
insights into how biological phenomena arise. Systems biology is a rapidly de-
veloping field and the methods used come from a wide variety of fields and are
modified to apply to the problems in biology. The new approach changes biology
from being a primarily descriptive science into more precise quantifications using
statistical methods to validate the claims. While many of the methods used have
been developed and used for a long time in other applications, the use on biological
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problems create new challenges.
This part will present an overview of how modelling and the analysis of data

using models is done. Section 1.2.1 will describe the modelling process, Section
1.2.2 will explain the identification of the parameters and Section 1.2.3 will discuss
the results of a successful modelling.

1.2.1 Models
In the context of systems biology a model is a mathematical description of a
biological process. The system described can be anything from the interactions of
one protein in one cell to the body as a system. The goal of the modelling is to
explain the behaviour of the system to a reasonable degree. This means that the
model should be able to provide insights into the behaviour of the system, while
not being so complex that it causes problems in the computational evaluation.
It is important to remember that a model can never include everything and will
always remain an approximation of the real world. Biological systems are highly
complex phenomena and usually some kind of stochastic element influences the
behaviour. Even if several cells of the same type for the purpose of modelling are
considered to behave in the same manner, they often react slightly different to the
same stimuli in an experimental setting. This randomness in the systems is part
of the challenge of systems biology.

The experimental set-up is another area that poses extra concern when working
with biological systems. While in industrial applications of modelling it is often
relatively easy to collect large amounts of data, in biological systems the amounts
of data available are usually very small in relation to the complexity of the system.
The models in themselves can easily handle things like concentration and amounts,
but to measure this in living cells over long time is not easy. This poses a problem
specific to systems biology in how to get reliable information from small data sets.
This is discussed in more detail in Section 1.2.2.

The usability of the model is dependent on size and complexity. A very large
model can in theory take into account more phenomena than a small one, but it
is harder to get the needed data to confirm that the model structure is correct.
Since measured data will include noise and stochastic behaviour inherent to the
system, the model needs to see through this to the general behaviour that can
be used to predict the behaviour of an equivalent system. If the model is large,
the noise will be harder to disregard [8]. The guiding principle is therefore often
chosen to be Occam’s razor and the goal is chosen to be to use the simplest model
that explains the data. An additional parameter should only be included in the
model if it improves the explanatory power of the model.

A common framework used for the mathematical description is systems of
differential equations. This framework can not predict the stochastic behaviour
of the system. The exact formulation of the model equations is a challenge. The
dynamics can include linear and non-linear elements and the resulting equations
can rarely be solved analytically. Instead different types of numerical methods
and optimization are used to find the values. The usual problem when solving
systems of differential equations is to get the value of the states as a function of
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time. When doing modelling it is instead the values of the parameters that are
sought. This means that the problem to be solved is the inverse problem of the
system of differential equations.

1.2.2 States and Parameters
In a state space model of a system the states describe the current conditions in the
system and can ideally be measured, or at least be calculated from measurements.
Such a model is said to be observable [4]. The states are then firmly anchored in
the physical reality of the system and the behaviour of the system can be evaluated
with simulations of the states. However, this immediate observability is not always
the case. Measuring in biological systems is hard and often not all states can be
reliably measured. This means that some of the states can not be distinguished
from each other and that this problem has to be considered when evaluating the
model.

If the states describe the current conditions, the parameters in a model, to-
gether with the equations, help to explain how the system changes over time. Sys-
tem identification is the process of identifying a useful describtion of the system
studied. In general applications of system identification in industry the parameters
are not necessarily directly interpretable as physical constants, as the purpose of
the model is often just to ensure that the behaviour of the system is as specified
[8]. Systems biology, in contrast, often wants to draw conclusions about different
dynamics in the system from the estimation of the parameters. As mentioned
above the models are most often constructed to be representative of the suggested
system behaviour. This means that if the parameter values are determined they
can be interpreted as physical constants, for example reaction rates.

The parameters can be estimated using different methods and, if estimated
correctly, conclusions about the behaviour of the system and the accuracy of the
model can be drawn as a result of the estimation. As mentioned solving the
equations analytically is often not an option and the measurement noise in the
data introduces further complications. The parameter values are often reached by
optimizing with respect to a cost function that describes how well the model fits the
data and also can include other prior knowledge of the system. The cost function
gives a value for each parameter set that is designed to reflect the ability of the
parameter set to explain the experimental data. χ2-estimates are a commonly used
measure of the fit of the model. To take into account previous knowledge additional
costs can be set to punish behaviours that differ from the known behaviour. A
cut-off level for the value of the cost function is set using statistical methods and
parameter sets that give values below this level are considered to describe the data
sufficiently well.

However, usually a group of parameter sets satisfy the criteria posed and each
parameter can take a range of values. In this case it would be useful to get a
confidence interval for each parameter, in order to have a measurement of how
reliable conclusions drawn from the parameter estimates are. If the confidence
intervals for the parameters are too large it is hard to draw any conclusions. The
cost function can be visualised in two dimensions as a cost landscape where the
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valleys represent the good parameter sets. The same is valid for higher dimensions,
but then the results can not be plotted and understood in the same straightforward
manner. The approach to confidence intervals for the parameters used here uses a
method for following the valley in the cost landscape from the identified optimum
until the level above the threshold is reached [15].

1.2.3 Model Evaluation
When a set of parameters that satisfies the defined criteria for good description of
the data is found, the next step is to evaluate the behaviour of the model under
the found parameters, and see if the behaviour of the system is reasonable. Even
if it is rare to only have one good parameter set, the different parameter sets can
show similar behaviour qualitatively. If the parameters sets suggest behaviour
that has not been measured due to experimental set-up, the suggested behaviour
can be used to design new experiments to validate and refine the understanding of
the system. As mentioned above statistical methods are used to select parameter
sets. Even so it is important to look at the results graphically, because certain
dynamics can be missing while still being below the cut-off value.

If the found parameters do not explain the data in a satisfactory manner the
next step is one out of two. The first approach is to collect more data, since this
will reduce the influence of the noise and thus improve the ability to explain the
data. The second approach is to consider whether the model structure is enough to
explain the data, and if no good parameter boundaries were found, if it is possible
to reduce the model in order to have easier identifiable parameters.

The ideal when validating models is to have a separate data set, called vali-
dation data, to compare the results of simulations against. This is to avoid the
possibility of over-parametrising the model and adapt the parameters too much to
the noise of the data[8]. Because of the limited amount of data available in most
situations, this approach is not a possible route in most systems biology problems.
A way around this might be to generate extra data by using boot-strapping and
using this as validation. Lack of data can in some cases lead to non-identifiable
parameters. If it is possible to collect new data a possible approach to getting
identifiable parameters is to investigate whether the model suggests some new be-
haviour that can be investigated. The parameters can give information of how
the model expects the system to react outside the domain of the previous experi-
ments, and the design of new experiment can be guided by this. If the suggested
behaviour of the system is not within the physical possibilities of the system this
is good grounds for disregarding the model.

If the model can not satisfy the statistical validation and the predictions turns
out to be false, it can be rejected and insight has been gained by knowing how
the system does not work. New models and hypotheses can then be found. If the
model passes the statistical and graphical evaluation it is accepted as a model of
the system. This does not mean that the system actually behaves in the way the
model suggests, but just that the model explains the data collected thus far. New
data can always turn up that effectively disproves the model. If the model and
reality disagrees it is after all reality that is correct, after checking the experimental
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Table 1.1. Explanation of some important biological terms.

Cell cycle The process for a cell to go from one cell division to the
next.

Cytokinesis The last step during cell division, when the cells physically
separate. A part of M-phase.

Cytosol The main part of the cell, which contains all other compart-
ments including the nucleus and the vacuole. The contents
are called cytoplasm.

Kinase A protein that adds a phospor group to another protein.
Nucleus The compartment in a cell that contains DNA.
Paralog Two genes (and the proteins they produce) that derive from

duplication of a gene and thus have many similar properties.
Phase G1 Period of the cell cycle, between cytokinesis and DNA syn-

thesis. The cell grows during this period.
Phase G2 Period of the cell cycle, between DNA synthesis and phase

M. The cell grows and synthesizes proteins needed for the
cell division.

Phase M Period of the cell cycle, when the nucleus and the cytoplasm
divides.

Transcription Copying of DNA into RNA.
Translation RNA is used to synthesize proteins.
Vacuole A compartment present in yeast that is used to store fluids.

procedure.

1.3 The Ace2p Project
Using S. cerevisiae as model system the Ace2p project’s aim has been to un-
derstand mechanisms behind asymmetric distribution of the transcription factor
Ace2p after budding. Ace2p localizes primarily to the nucleus of the daughter
cell, but the mechanisms behind this remain unknown. The hypothesis behind the
project is that the asymmetry is induced by higher transport rates in the daughter
cell. The hypothesis will be referred to as Φ.

Explanation of some biological terms can be found in Table 1.1.
This section will start with describing the function of Ace2p in yeast, continue

with the experimental set-up, and end with the previously done modelling.

1.3.1 Ace2p in Yeast
In the yeast, Ace2p plays a role in the regulation of the cell cycle. During cell
division the protein localizes primarily in the daughter nucleus and because Ace2p
is a transcription factor this leads to different expression patterns in the daughter
compared to the mother cell. Ace2p is part of the CLB cluster, a group of genes



8 Introduction

Figure 1.1. A typical picture of YFP-Ace2p in yeast. The fluorescent molecules show up
as white, with a higher concentration found in the nucleus. The cells are post-cytokinesis,
but remain in contact. The measured areas are circled by free-hand as indicated with
black circles. Image courtesy of Lucía Durrieu, University of Buenos Aires.

induced during the G2 and M phases and named after the gene coding for the
B-type cyclin Clb2 [1], and Swi5 is a paralog to Ace2p [1, 17] that behaves in a
similar way to Ace2p during the cell cycle. Because of the similarities, the small
differences can be used to investigate the actions of the proteins.

The activation of Ace2p is tied to the progression of the cell cycle and it is
transcribed during the G2 phase of the cell cycle. During cell division Ace2p
initially localizes to the nuclei of both the mother and the daughter cells [17]. The
protein is then removed from the mother nucleus, either by transportation out of
the nucleus or by break-down. In the daughter nucleus the concentration of Ace2p
remains high for some time after cell division. This retention is triggered by Cbk1
kinase in co-operation with Mob2 [1, 2].

Ace2p activates a number of proteins that are responsible for the asymmetric
progression of the daughter cell. In yeast the daughter cells are decidedly smaller
and the initiation of cell division is partly triggered by growth to certain cell size
[2]. Daughter cells have been shown to spend longer time in G1 before starting
cytokinesis and it has been shown that Ace2p plays a part in this by reducing
CLN3 expression which is a protein that activates Start and transition out of G1
[2].

While this project studies the localization of Ace2p in yeast, Ace2p does have
homologs in other eukaryotes [1] and the conclusions obtained here can gener-
ally be used to increase the understanding of cell differentiation in other species.
Equal or similar mechanisms may play a part in the differentiation of cells during
embryogenesis or cancerogenesis.

1.3.2 Experimental Methods
The localization of Ace2p within dividing yeast cells has been visualized by tagging
the protein with Yellow Fluorescent Protein (YFP). It has been shown that the
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fusion protein localizes correctly in the cell, which makes the system useful [1].
Confocal microscopy and subsequent analysis of the pictures has provided the data
for the project. The whole of the nucleus of the cells were analysed to produce the
data for the nuclear compartment. Because of problems with the vacuole, which
does not contain Ace2p and thus influences the measurements of overlapping parts
of the cytosol, and that parts of the cytosol are out of focus the whole cytosol could
not be analysed. Instead parts of the cytosol were selected manually and the signal
from the data was multiplied by a correction factor to compensate for the difference
in volume between the compartments. Because of the intense fluorescence from the
nucleus some signal leakage into the cytosol close to the nucleus is expected. To get
around this the measured area was situated some distance from the nucleus. The
area for the measurement in the cytosol was selected by free hand [3]. A typical
situation can be seen in Figure 1.1. To compensate for artefacts introduced by
the measuring process and the difference between the volume measured and the
total volume of the cytosol, the data for the cytosol is multiplied with a correction
factor.

For being a biological system the measurements are made in a fairly easy and
straightforward way. Even so, not all conditions can be controlled and the exact
stage of cytokinesis being one of them, some of the data set was obtained from
mother-daughter pairs before cytokinesis, some after cytokinesis and some went
through cytokinesis during the measuring. The system is disturbed at known
time points and the behaviour observed by a technique called fluorescent recovery
after photo-bleaching (FRAP). The fluorescence of the proteins in the nucleus is
reduced by a focused light pulse and the recovery of nuclear fluorescence over time
through inflow of fluorescent molecules from the cytosol is observed. The photo-
bleaching is not completely controlled and the results vary between the different
experiments. As usual when handling fluorescent molecules there is also a natural
loss of fluorescence due to normal bleaching. A sequence of eight FRAPs were
done for each mother-daughter pair, where four consecutive FRAPs were done in
one of the nuclei.

1.3.3 Previous Modelling and Findings

The Ace2p project started with the analysis of post-cytokinesis data with a 2-
compartment model [10]. The amount of Ace2p in the nucleus and the cytosol are
the two states. The flow in and out of the nucleus is modelled as changes in the
amount of Ace2p present. The parameters acts as rate constants and because just
a small plane is measured in the cytosol a correction factor, Vfrac, for the volume
is included in the rate constant for the flow from the cytosol to the nucleus. In
the model, c refers to the amount of Ace2p present in the cytosol and n refers to
the amount of Ace2p in the nucleus. A graphical representation of the model is
found in Figure 1.2. This model will be referred to as the 2-compartment model.
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Figure 1.2. Schematic representation of the 2-compartment model of Ace2p localization
in yeast post-cytokinesis. The cell depicted can be seen as either a daughter or a mother
cell, since no exchange between mother and daughter is possible post-cytokinesis. Ace2p
accumulates in the nucleus by transport across the nuclear envelope. The cytosol is
considered to be one compartment, as the diffusion in the cytosol is assumed to be much
higher than the transport into the nucleus. The import constant is kI and export constant
is kE . Because of differences between the volume of the cytosol and the volume of the
nucleus, kE is multiplied with a factor Vfrac to compensate.

dnd
dt

= −kEVfrac · nd + kI · cd (1.1)

dcd
dt

= kEVfrac · nd − kI · cd (1.2)

y1 = nd (1.3)
y2 = cd (1.4)

The kinetic factors refer to the transport out of ( kE) and into (kI) the nucleus.
The volume fraction, Vfrac, compensates for the difference in volume between
the cytosol and the nucleus. The model is written with subscripts referring to
a daughter cell, but the same relations are assumed to be working in the mother
cell. Important to note is that all the states of this proposed model can be directly
observed. This is very unusual in the context of modelling biological systems, and
makes this system an attractive candidate for analysis of methodological concerns.

The results in the project thus far are presented in [10], where the focus was
on data obtained from cells in post-cytokinesis, since this led to easier modelling
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as the cells could be considered separate entities. To further ease the analysis of
the data, only measurements in the nucleus were used and only from the first few
measurements after each FRAP. To estimate the parameters a global optimization
method based on the principle of simulated annealing was used. The optimization
method will be further described in Section 2.2. The parameter intervals were
then found by using the profile likelihood approach [15].

One concern during previous work has been that the standard deviation of the
measured values has not been well defined. A sensitivity analysis of the standard
deviation showed that the influence is not overly large. Another concern was that
the size of the cytoplasm varies between different cells, and as mentioned above
the whole of the cytoplasm can not be measured. Again, sensitivity analysis has
shown that within reasonable values for the correction factor for cytoplasmic size
the effect on the parameter intervals is not a cause for concern [10].

The previous work [10] shows some promising results in the estimation of pa-
rameters. Both parameters were identifiable and the profile likelihood approach[15]
gave a good picture of the cost landscape and well defined borders. The simulations
of the nuclear Ace2p showed good agreement with the measured data.

Since the project is dealing with living material, differences between different
data sets will be important and the general trend in the relationship between the
transport rates in the mother and the daughter cells are more telling than the
absolute values. While the most common distribution is that the highest concen-
tration of Ace2p is found in the daughter nucleus, some mother-daughter pairs
with the opposite distribution have been observed before [1], and the assumption
is that some pairs will show this behaviour when more data sets are analysed.

1.4 Objectives
The purpose of this project is to continue looking at the modelling of Ace2p in
yeast and to specifically investigate the profile likelihood approach to estimating
parameter uncertainties.

The localization of Ace2p just before and after cytokinesis will be modelled,
and the parameters will be estimated. The parameter estimates will be further
analysed to get parameter intervals using the profile likelihood approach. The 2-
compartment model of Ace2p localization in yeast post-cytokinesis will be evalu-
ated and if found insufficient, possible extensions of the model will be investigated.
The parameters for the new models will be found and the implications of the new
model for the understanding of the system will be discussed.

1.5 Outline of Thesis
After the background presented in this chapter, additional technical explanations
of the methods used is found in Chapter 2. The optimization methods used and
the profile likelihood approach to finding the parameter intervals are presented.
Another model for the localization of Ace2p in post-cytokinesis is also described.
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Chapter 3 describes the results and illustrates how the different models explain
the data. The different models are evaluated and the results of the parameter esti-
mations are presented. The data in itself is also subjected to analysis to investigate
if the model assumptions actually hold.

In Chapter 4 the results are discussed and some proposals for future work in
the Ace2p-project are suggested.



Chapter 2

Material and Methods

In this chapter the methods used will be described in more technical detail. Section
2.1 describes the modelling instruments used and Section 2.1.2 will go into some
detail about the optimization method. The profile likelihood analysis is described
in Section 2.3.

2.1 Modelling
The models in this project describe the transport of the transcription factor Ace2p
in yeast cells. The initial model has been described in Equation (1.1) - (1.4) above.
The construction of cost functions and additional modelling is presented in Section
2.1.2.

2.1.1 Software
The modelling and parameter estimation were done using primarily Matlab
(Mathworks).

To do the parameter identification and the simulation of the models The Sys-
tems Biology Toolbox 2 [18] and its extension SBPD were primarily used. The
modelling were done using the environment included in this package.

2.1.2 Models of Ace2p Post-cytokinesis
The project started with a 2-compartment model of the Ace2p localization post-
cytokinesis (see equations 1.1-1.4 above). Previous work [10] has only taken into
account the measured data of the nuclear state when finding the parameter values.
A 3-compartment model has also been proposed and is described below.

Cost Functions for Parameter Estimation

When finding the parameter sets the usual approach is to use a cost function
to describe how well the model can explain the experimental data. In the cost

13
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Figure 2.1. The noise in the measurement signal is proportional to the signal intensity.
Each measuring point represents a known intensity in relation to the noise in the measured
signal.

functions used in the current work account has been taken both to the cytosol
data and the nuclear data. The cost functions have been constructed using the χ2-
measurement of goodness of fit. This gives the normalized distance from simulated
curve to the data points with account taken of the standard deviation.

costχ2 =
∑
j

∑
i

√
(yi,j − ˆyi,j)2

σ2
i,j

(2.1)

In the equation j represents the states and i represents the data points. The
standard deviation, σ, used is based on separate measurements that relate the
signal intensity to the measurement error. The relationship can be seen in Figure
2.1 . The measured data points are represented by y and the simulated value by
ŷ. This gives a function that is used to calculate the standard deviation for each
measured value. This relationship was used for both the cytosolic and the nuclear
data.

In addition to the χ2- measure, two additional punishments were added to
avoid unrealistic behaviour. Both punishments were implemented in the form
below, where cost is the cost calculated using Equation (2.1), and where delta is a
measure for the degree by which the punished violation has exceeded the threshold.
The numerical values used in the formula are chosen to give a reasonable cost
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increase. The k in the summation refers to the numbered delta values below. The
punishments can be applied independently.

cost = costχ2 +
∑
k

2 · cost · deltak
50 + deltak

(2.2)

The amount of Ace2p in the nucleus is not supposed to decrease during the
experiment, since there is a general positive trend in the data set. A punishment
was added to the cost when the difference between the first, anucl,initial, and the
last points, anucl,end, of the FRAP indicate negative slope. This rough estimate
of the slope is also used as delta in Equation (2.2) for this punishment. This is
the first punishment added to the cost function.

delta1 = anucl,initial − anucl,end (2.3)

When it comes to the cytosol, the amount of Ace2p is not supposed to change
very much between the FRAPs and certainly not to increase. This punishment
was only used when the initial values of each FRAP (see Section 1.3.2) were
optimized, since it would do no good to have a punishment that the optimization
can not work to avoid. Delta for this additional punishment takes into account
the fact that there is measurement error and the values for the cytosol are allowed
to increase if the increase is within one standard deviation, and the extra cost
is only added if the increase is above the standard deviation. The last value of
the first FRAP, acyt,end1stFRAP , is subtracted from the first value of the next
FRAP, acyt,initial2ndFRAP and the mean value of the standard deviation, σcyt, is
added to only punish the deviation not explained by the noise. This is the second
punishment added to the cost function.

delta2 = abs(acyt,end1stFRAP − acyt,initial2ndFRAP +mean(σcyt)) (2.4)

3-compartment Model

In addition to further investigation of the 2-compartment model described in sec-
tion 1.2.3, a 3-compartment model has also been investigated. In the 2-compart-
ment model the measurement points for the cytosol were placed at some distance
from the nucleus to avoid unintended bleaching of the cytosol. However, this leads
to problems were the increase in YFP-Ace2p in the nucleus is not reflected in
an equivalent decrease of YFP-Ace2p in the cytosol. The increase in the nucleus
should, according to the 2-compartment model, lead to an decrease in the cytosol
since the YFP-Ace2p has to be imported into the nucleus from the cytosol. The
3-compartment model divides the cytosol into two compartments: cytosol close to
the nucleus and cytosol farther away. The values for the cytosol farther away from
the nucleus is set to the same values as used for the cytosol in the 2-compartment
model, but with a lower correction factor (see Section 3.1.1), since a part of the
cytosol now is dedicated to the compartment close to the nucleus.
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Figure 2.2. A schematic representation of the 3-compartment model of Ace2p localiza-
tion in yeast post-cytokinesis. The cell depicted can be seen as either a daughter or a
mother cell, since no exchange between them is possible post-cytokinesis. Ace2p accu-
mulates in the nucleus by transport across the nuclear envelope. The cytosol is seen as
two compartments in order to accommodate the diffusion in the cytosol. The transport
in and out of the nucleus is described by the import constant kI and the export constant
kE . Because of differences between the volume of the cytosolic compartments and the
measured area the diffusion is described by two different constants, kDiff1 and kDiff2.

The mathematical formulation of the model can be seen below.

dnd
dt

= −kE · nd + kI · ncytd (2.5)

dncytd
dt

= −(kI + kDiff1) · ncytd + kDiff2 · cd + kE · nd (2.6)

dcd
dt

= kDiff1 · ncytd − kDiff2 · cd (2.7)

y1 = nd (2.8)
y2 = cd (2.9)

The subscripts in the model as stated refers to the daughter cell, but with a
change of subscripts the model describes the mother cell. The cytosol close to the
nucleus, ncyt, is not directly measured. The outer cytosol, c, and the nucleus,
n, refer to the same data as used in the 2-compartment model ( see Equations
(1.1)-(1.4). The model is illustrated in Figure 2.2.

The correction for the volume of the cytosol is only for the measured outer
cytosol. The volume of the near-nuclear cytosol is set to 1. The diffusion in the
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Figure 2.3. A schematic representation of the 4-compartment model of Ace2p localiza-
tion in yeast pre-cytokinesis. The cells have not separated and can still exchange ma-
terial through the septum. The smaller cell represents the daughter cell and the larger
the mother cell. The model is based on the 2-compartment model of Ace2p localization
in yeast post-cytokinesis (see figure 1.2). The differences between the nuclear import
and export rates in the mother and the daughter are indicated using the subscripts. The
kinetic rate constant for the transport from the mother is labelled kM , and the equivalent
constant for the daughter kD.

cytosol is described by the two parameters kDiff1 kDiff2 to take this into account.
It can also be an advantage if Ace2p is actively transported towards the nuclear.
At the writing of this report there is no data available for the near-nuclear cytosol.

2.1.3 Model of Ace2p Pre-cytokinesis

In the pre-cytokinesis situation the two cells are still attached and can exchange
material trough the septum, the region that attaches the two cells together. A
model based on the same assumptions used for the 2-compartment model for
post-cytokinesis was proposed. The transport in and out of the nuclei are set as
separate parameters for the mother and the daughter cells. The cytosol is divided
by the septum, that selectively transports components between the mother and the
daughter. Thus, the cytosol is treated as two different compartments and additonal
parameters are used to describe the transport through the septum. Figure 2.3 show
a schematical illustration of the model.

The mathematical formulation of the model can be seen below.
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dnd
dt

= −kE,d · nd + kI,d · cd (2.10)

dcd
dt

= kE,d · nd − (kI,d + kD) · cd + kM · cm (2.11)

dcm
dt

= kE,m · nm − (kI,m + kM ) · cm + kD · cd (2.12)

dnm
dt

= −kE,m · nm + kI,m · cm (2.13)

y1 = nd (2.14)
y2 = cd (2.15)
y3 = cm (2.16)
y4 = nm (2.17)

In the same way as for the post-cytokinesis model all of the states are directly
observable through confocal microscopy. The parameters for the export from the
nucleus contains factors to reflect the difference between the actual cytosol volume
and the measured plane.

2.2 Optimization
As mentioned in the introduction the parameters in the models were estimated us-
ing global optimization methods. The algorithm used were based on the simulated
annealing algorithm found in Systems Biology Toolbox 2 [18] and in [14]. The al-
gorithm has been slightly modified during this project to remove faults introduced
when the optimum is outside the permitted parameter space.

Global optimization, as the name suggests, tries to find the global optimum
of the cost function by varying the parameters. This is an easy problem if the
parameter space and the cost function are convex and well defined. However, in
most cases in systems biology, the cost function is not defined explicitly, but rather
through calculating it for every data point.

2.2.1 Simulated Annealing
Simulated annealing is a group of optimization algorithms that are based on the
cooling of metal. When the metal is hot, the atoms move randomly and can move
from states of low energy to states of high energy. As the metal slowly cools down
the atoms move less vigorously and over a smaller area until they come to rest
at the lowest energy. When using this as the basis of an optimization algorithm
this translates into that ability to move up-hill in the cost landscape varies over
time. The optimization starts with a user-supplied first parameter guess at a high
temperature and takes a step in a random direction. The algorithm expands a
simplex and saves the best values. After a set number of iterations the temperature
is lowered and consequently the ridges that can be scaled become lower. This
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means that the area the optimization covers is decreasing and hopefully centring
around the optimal values.

To find the parameters that optimize the cost function the first optimization
has be done accurately. This means that the initial optimization will take more
time in order for the subsequent profile likelihood analysis to be started close to
the right parameters.

2.3 Profile Likelihood Analysis
Profile likelihood analysis (PLHA) is a method for estimating the parameter un-
certainties by looking at how the cost function increases from the optimum. The
PLHA has only recently been applied to systems biology [15]. The parameter that
is to be investigated is kept semi-constant and is increased step-wise. For each
step in the semi-constant parameter the cost function is optimized using the rest
of the parameters. The interval for the semi-constant parameters ends when the
cost rises above the cut-off level.

The procedure can be described step-wise as:

1. Find one optimum using a global optimization method (see Section 2.2).

2. Distribute a number of points logarithmically over parameter space with
centre at the optimum. How many points there is to be in the grid can be
set by the user.

3. Choose a parameter.

4. Increase the chosen parameter to the next point. Optimize the cost function
using the other parameters.

5. Continue increasing the chosen parameter until either a set number of steps
have been taken or a cut-off level is crossed.

6. Repeat the procedure for all the parameters.

There is also the possibility to chose which parameters to investigate.
To run a PLHA for a model involves optimizing the cost function at a few

thousand times for each parameter that is to be evaluated. This can cause trouble
in that the demand on computational power and time gets high. To work around
this problem, the optimization for each point is done in a sloppy fashion. This
means that the optimization does not always find the optimal parameter set. A
check has been introduced in the script to ensure that the analysis at least gets
quite close. Each new value for the cost function is checked against the previous two
to see if the slope has changed above a set level. If that is the case the optimization
for that point is rerun at a higher accuracy. How much difference between two data
points is reasonable depend on the cost function and the spacing of the points over
parameter space. It is possible for the user to set this level, otherwise a default
value is used.
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Figure 2.4. Cost landscapes and profile likelihood analysis. The upper panels show the
cost landscapes and the lower show the resulting profile likelihood. In panels a and b, the
parameter is structurally non-identifiable. The cost never rises from the minimum and
does thus not reach the cut-off level in any direction. The solution is to reformulate the
model. In panels c and d, the parameter is practically non-identifiable. The cost rises
from the lowest, but does not reach the cut-off level in one direction. The solution is to
gather more data. Panels e and f represent the ideal case of parameter identifiability.
In a cost landscape this is seen as a clearly isolated valley with steep slopes. The profile
likelihood analysis shows that the cost for the parameter reaches above the cut-off level
in both directions. Figure courtesy of Andreas Raue, University of Freiburg [16].

The output from a PLHA can be be seen as a one-dimensional slice of the
cost landscape in the direction of the semi-constant parameter. The optimizations
will follow the valley of the lowest point in the direction of the semi-constant
parameter.

The matlab implementation used for the profile likelihood analysis can be
found in the appendix.

2.3.1 Identifiability
When trying to determine the uncertainty of a parameter value it is important to
realise that it is not always possible to find defined boundaries for the parameter
values. Practical identifiability means that the boundaries of the parameter values
can be set to a number that is not infinity. However, this does not always mean
that the computed limits makes sense, since it is easy to mathematically evaluate
parameters that are physically impossible.

Non-identifiability can come in two shapes. Structural non-identifiability is
inherent in the model structure and can be investigated analytically without any
data. This does not mean that the problem is trivial and for complicated models
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the computational demand is high. Structural identifiablity does not guaranty that
the parameters are identifiable, but only that the parameters can be identified if
sufficient data are available. In a cost landscape dependent on two parameters
(Figure 2.4, left panels) this can be visualised as a valley with a flat bottom that
continues indefinitely. When looking at a profile likelihood plot this will show
as a flat valley that never rises when following the valley. A common reason for
structural non-identifiability is that the parameters are defined so that they are
dependent and thus not separately identifiable[15]. To remedy this problem the
model structure has to be redefined.

Practical non-identifiability instead comes from lack of information in the data
[16]. In a cost landscape the valley of the optimum rises above a lowest level, but
does not rise enough to cross the cut-off level (Figure 2.4, middle panels). The
profile likelihood is shown in the lower middle panel, and shows this more clearly.
To get away from this situation more data has to be introduced into the analysis,
or the model has to be re-evaluated.

When the parameters are identifiable the cost landscape around the optimal
parameters can be visualized as a well-defined valley (Figure 2.4, right panels). In
the optimal situation the slope around the optimum is quite steep, which leads
to small confidence intervals and better conclusions. A profile likelihood plot for
an identifiable parameter crosses the cut-off level in both directions. This is the
optimal situation, even though the reasonableness of the parameter values still has
to be critically examined.





Chapter 3

Results

In this chapter the results from the modelling and the parameter estimations will
be presented.

In Section 3.1 the results of the modelling will be presented for the different
models presented in Sections 1.3.3, 2.1.2 and 2.1.3. Focus is on the modelling of
the Ace2p post-cytokinesis. Some of the assumptions made during modelling have
also been inspected, and used to further strengthen the conclusions.

The results of the parameter estimation for the different models are found in
Section 3.2. This analysis has only been done for the models of Ace2p in the
post-cytokinesis yeast.

3.1 Model Development and Evaluation
With the models defined in Sections 1.3.3, 2.1.2 and 2.1.3, the next step would
be to try and find a first parameter set that satisfies the statistical measures for
goodness of fit. This was done using a modified version of simulated annealing
as optimization algorithm (see Section 2.2 for details). The results were not fully
satisfactory and different approaches to this optimization was tried.

3.1.1 2-compartment Model of Post-cytokinesis
The 2-compartment model is described in Section 1.3.3 and is used to describe
the mother and daughter cell after cytokinesis independently of the other cell.
Here the model assumptions are first examined and then the results of the first
optimization. The results lead to a rejection of the model structure.

Model Assumptions

When modelling there is always assumptions made about the system behaviour.
The assumptions are used to determine which equations should be used to describe
the system. If the assumptions are not fulfilled, the model proposed is put under
doubt.

23



24 Results

In the models used during this project the sum of the Ace2p within the dif-
ferent compartments is assumed to be constant. The whole cell is supposed to be
described by the model and there is no export or import of Ace2p from the envi-
ronment. The breakdown and translation of Ace2p is supposed to be on time scales
that makes those processes negligible during the short time of the experiment. If
this assumption is correct the slope of the total amount of Ace2p in the cell should
be 0. Since the measuring of Ace2p includes tagging the protein with YFP and
fluorescence decreases naturally over time when exposed to light, a negative slope
is what is actually expected and would not disprove the assumption. A positive
slope, on the other hand, if statistically significant, would be reasonable grounds
for rejecting this assumption and thus putting the whole model in question.

The slope of the amount of Ace2p in the nucleus is most prominent in the
first few seconds after a FRAP. The statistical test was therefore designed to look
specifically at this region. Each FRAP was tested separately and a t-test for slope
[9] at 95% was used to examine the hypothesis. The statistical test for slope when
using the initial value of 6.25 for the correction factor gives a positive slope in
most cases. However, the value of correction factor is not completely certain and
is dependent of the size of the individual cell. Probable values are between 2 and
14, where the extremes are very unlikely [3]. For low values of correction factor
the cytosolic measurement corresponds to a smaller amount of Ace2p. This means
that the apparent increase in the nucleus dominates and the slope is more positive
for all data set. For the highest probable value of correction factor the influence of
the cytosol is stronger and the upward trend is not as apparent. In comparison to
the initial value of correction factor the zero-hypothesis can be disproven for fewer
data sets. Even so, with the correction factor = 14, 44% of the tested intervals
fail, compared to the expected 5% when using a confidence level of 95%.

Finding a First Set of Parameters

The evaluation of the 2-compartment model has been done in several steps. The
first approach was to look at only a selected number of data points from the nucleus
[10]. In present work all of the data points from the nucleus and the cytosol are
included in the cost function. This makes it harder to satisfy the statistical test
and a number of different approaches has been used. Apart from optimizing the
model parameters, the correction factor and the initial values have also been looked
at as potential keys to a better fit.

The results when only optimizing the model parameters can be seen in Figure
3.1. The fits are poor and can not satisfy the statistical test, except for the data
sets posm12 and posd17. By visual inspection, most clearly seen in the data set
posd20, it is clear that the problem is that the simulation of the nuclear data does
not increase the amount of Ace2p as strongly as seen in measurements.

The value of the correction factor varies between 2 and 14. To investigate
whether this interval is enough to describe the data or if the mathematical opti-
mization finds an optimum outside the interval, the correction factor is allowed
to vary between 0 and 100. This improves the fit significantly, but the optimized
values of the correction factor is for most data set higher than 14. This seems
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Figure 3.1. Simulation of the optimized parameters for the 2-compartment model
of Ace2p distribution in yeast post-cytokinesis. The upper curves are the data for the
nucleus, and the lower curves are the data for the cytosol. The measurement data is shown
in thin black lines that show a spiky appearance. The shaded (yellow) area indicates one
standard deviation for the measurement data. The simulated data is shown in thicker
black lines. The daughter set is labelled posd and the mother set is labelled posm. Four
FRAPs were run for each experiment and the this can be seen as four steps in the curve
for the nucleus. Due to instrumentation, gaps with no measurements occur. The χ2-cut-
off for 270 data points at 95% confidence level is 309.3258. The statistics for these sets
shows that the fit is not good. Results from more sets can be found in Appendix A.2.
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to indicate that the optimizing the correction factor does not lead to biologically
plausible solutions.

Measurement error is present in all data sets and the initial values for the
simulation of each FRAP is usually set to the measured value. One approach for
improving the fit is to optimize the initial values within the boundaries set by the
standard deviation. This improved the statistical measure of fit (see Figure 3.2),
by mainly increasing the initial conditions for the amount of Ace2p in the nucleus.
As can be seen, the fit ignores the rapid increase for the first few measured points
after FRAP. While for some data sets, this approach is reasonable, since some of
the start values statistically are measured as too low, it is unlikely that most of the
initial values should be higher than measured (apart from the data set posm18, as
seen in Figure 3.2) if no systematic error is present. The statistical measurement
of fit found using this method was better than without, and the parameter sets
could for the most part be accepted at 95%. However, it is not reasonable that for
almost every initial value of the nucleus, the optimized value was higher than the
measured. The optimization of the initial values after each FRAP corrected only
for the (white) noise in the signal, the optimized values would be expected to be
lower than the measured value in about half of the measurements.

The conclusions drawn from the first optimization of the 2-compartment model
is that the model does not give reasonable fits even when the parameters satisifies
the statistical measures. When looked at as a group the errors are too systematic
to be a believable result of measurement noise.

3.1.2 3-compartment Model of Post-cytokinesis
The 3-compartment model was created to explain the problems described in Sec-
tion 3.1.1. The hypothesis was that since the measurements in the cytosol are
quite far from the nucleus due the experimental procedure the movement of Ace2p
in the cytosol acts as a delay and dilution for the abrupt increase in the amount
of Ace2p in the nucleus.

Model Assumptions

As described in Section 3.1.1, having two compartments is not enough to explain
the dynamics seen in the data. To introduce the diffusion in the cytosol as a factor
the cytosol was divided into two. Since we no longer measure all of the states we
can not investigate whether the assumption that the amount of Ace2p in the cell
is constant in the short time frame measured. This assumption is still made, but
the initial concentration in the cytosol close to the nucleus is optimized. This gives
the model freedom to handle the differences between the measured data and the
assumptions made in the model.

Finding a First Set of Parameters

The results for the new model (Figure 3.3) show that they have a significantly
better fit than the 2-compartment model. This is clear even when taking into



3.1 Model Development and Evaluation 27

Figure 3.2. Simulation of the optimized parameters for the 2-compartment model of
Ace2p distribution in yeast post-cytokinesis with the initial conditions optimized. The
upper curves are the data for the nucleus, and the lower curves are the data for the cytosol.
The measurement data is shown in thin black lines that show a spiky appearance. The
shaded (yellow) area indicates one standard deviation for the measurement data. The
simulated data is shown in thicker black lines. The daughter set is labelled posd and the
mother set is labelled posm. Four FRAPs were run for each experiment and the this can
be seen as four steps in the curve for the nucleus. Due to instrumentation, gaps with
no measurements occur. The χ2-cut-off for 270 data points at 95% confidence level is
309.3258. The initial values for the states after each FRAP have been optimized. The
results are with a high statistical significance better than the results for the run without
optimizing the initial values (see Figure 3.1). Results from more sets can be found in
Appendix A.2.
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account the extra state and the two extra parameters. The fast dynamics in the
nucleus is captured while no dramatic changes are seen in the outer cytosol.

However, there is one catch. Since there are not yet any measurements for the
cytosol close to the nucleus the state for this compartment can not be set initially.
The initial conditions are instead optimized with the amount in the outer part of
the cytosol as start guess. There is also the problem of the correction factor for
volume. Compared to the 2-compartment model, the 3-compartment model takes
the cytosol and divides it into two compartments. The optimization has been run
using the initial value of 6.25 for Vfrac, divide so that the other cytosol gets a
factor 5.25 and the inner cytosol gets a factor 1. It seems reasonable that the
fraction of the cytosol close to the nucleus is the smaller, but where to set the
boundary between the two cytosol compartments is still an unresolved issue.

3.1.3 4-compartment Model of Pre-cytokinesis
The behaviour of the system before cytokinesis has not been investigated in the
project previously and the focus of this thesis has also been on post-cytokinesis
data. However, some work has been done on the pre-cytokinesis data. A 4-
compartment model based on the 2-compartment model for post-cytokinesis has
been proposed (see Section 2.1.3). The difference is that the mother and daughter
cells still have the possibility of exchanging materials and that the two cells thus
have to be evaluated at the same time. This increases the complexity of the
problem slightly.

The results of the first optimization were not very promising, and the costs of
the parameter sets did not satisfy the statistical criteria of fit (data not shown).
As has been shown is the case for the 2-compartment model for post-cytokinesis
it seems probable that the diffusion in the cytosol is non-negligible and that a
division of each cytosol into two compartments would be a better model.

3.2 Parameter Estimation Methods
When the optimal parameter were found the next step is to see how reliable the
parameters actually are. The estimation of the parameter intervals was done
using profile likelihood analysis described in [15]. Due to time constraints, only
the parameters for the models of post-cytokinesis were analysed.

3.2.1 Generalizing the Method
The first part of the project was to generalize the code so it could be applicable
for many different models and projects. The code can be seen in appendix A.1.
The user will have to write their own cost functions and ways to handle the data.
The data should be arranged in a struct that the cost function handles as input
argument. The model should be written using the environment in The Systems
Biology Toolbox 2 (SBTB2, [18]). The model parameters can be analysed by using
the script, but there is also functionality to analyse parameters not included in
the model structure, such as restart points. Within the constraints given, this



3.2 Parameter Estimation Methods 29

Figure 3.3. Simulation of the optimized parameters for the 3-compartment model.
The upper shaded (yellow) area and associated curves are the data for the nucleus, and
the lower shaded (yellow) area and associated curves are the data for the far cytosol.
The measurement data is shown in thin black lines that show a spiky appearance. The
shaded (yellow) area indicates one standard deviation for the measurement data. The
simulated data is shown in thicker black lines. The cytosol close to the nuclus does not
have measurement data and the simulation is shown in thick black lines that are not
associated with any shaded (yellow) areas. The daughter set is labelled posd and the
mother set is labelled posm. Four FRAPs were run for each experiment and the this can
be seen as four steps in the curve for the nucleus. Due to instrumentation, gaps with
no measurements occur. The χ2-cut-off for 270 data points at 95% confidence level is
309.3258. Results from more sets can be found in Appendix A.2.



30 Results

should be usable for other projects, as long as the model is not too large to imply
infeasible computation time. Details on the requirements on the data and cost
function, as well as description of the functionalities available, are described in the
first part of the code.

3.2.2 Parameter Estimation for the 2-compartment Model

For the kinetic parameters of the 2-compartment model of post-cytokinesis, a
profile likelihood analysis was conducted under different conditions. The cut-off
for acceptable parameters was chosen as the cost for the optimal parameter set
with the addition of the χ2-factor for one parameter at 95% confidence (numerical
value = 3.84).

To start with only the kinetic parameters were optimized, but the results proved
inconclusive. The optimum parameters did not satisfy the statistical measure of
fit, and the parameter intervals were not well defined. As discussed in Section 3.1.1
different approaches were tried to solve the problem of finding a parameter set that
fits the data. Results from a profile likelihood analysis for the kinetic parameters
using optimized starting values can be seen in Figure 3.4. The parameter intervals
for the same profile likelihood analysis can be seen in Table 3.1. As can be seen,
the upper bounds for the parameters are for most data sets clearly defined. The
problem is that the lower bound is not always identifiable, especially for the export
parameter kEVfrac. For some of the data sets, e.g. posd09, no upper bound was
found, but this could be because the search only looked in area of the cost function
with no discernible slope. The optimization algorithm has problems finding good
parameter sets when the slope is flat. If the analysis had continued for higher values
of the parameter it is possible that an upper boundary could have been found.
Further analysis of the cost landscape, by letting the optimization search in a larger
parameter space, showed that the optimal parameters in a mathematical sense
was outside of the boundaries set by the models interpretation of the biological
system, in that kEVfrac became negative which is not congruent with the biological
explanation.

The hypothesis Φ (see Section 1.3) was that the kinetic rates in the mother
cells should be smaller than the kinetic rates in the daughter cells. Since the
lower boundaries for one of the parameters is not defined for most of the cells, no
conclusions can be drawn on about Φ.

As mentioned in Section 2.3.1, if a profile likelihood is completely flat or fails
to increase above the boundaries set this indicates non-identifiability. It has been
shown in [10] that using only data from the nucleus the 2-compartment model can
satisfy the statistical criteria for fit and also incorporate the initial fast dynamics
in the cytosol. This shows that the model is not structurally non-identifiable, a
conclusion supported by the fact that at least for some of the data sets upper
bounds for the parameters are found. In combination with the arguments pre-
sented in Section 3.1.1, we conclude that the proposed 2-compartment model can
not explain the data and a more complex model is needed.
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Figure 3.4. Results for the profile likelihood analysis of kEVfrac and kI for the 2-
compartment model. The parameter values for the daughter cells are shown with con-
tinuous lines and the parameter values for the mother cells are shown using dashed lines.
The boundaries are not shown in the figure, but it can be seen that the parameters are
generally more well-defined for increasing values. Not all of the parameters had well
defined boundaries in any direction.
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Table 3.1. Parameter intervals from the profile likelihood analysis of kEVfrac and kI for
the 2-compartment model. The values for kI are well defined for most of the parameter
sets. The lower boundary of kEVfrac is not well defined and makes it hard to draw
any conclusions from the analysis. Daughter sets are labelled posd, and mother sets are
labelled posm. The data sets with the same number constitute actual mother-daughter
pairs.
Dataset kI

Optimum lower upper
Posd09 4.6082e-003 2.5543e-003 7.6516e-003
Posm09 6.4261e-003 3.3859e-003 9.1643e-003
Posd12 2.0284e-002 1.1506e-002 2.5308e-002
Posm12 3.8532e-00 1.8092e-003 8.7131e-003
Posd17 3.3478e-003 4.5488e-004 5.9568e-003
Posm17 1.6587e-003 Not found 4.2676e-003
Posd18 8.4620e-004 Not found 2.9924e-003
Posm18 5.1750e-003 2.0583e-003 7.5871e-003
Dataset kEVfrac

Optimum lower upper
Posd09 7.3817e-015 Not found Not found
Posm09 1.2053e-002 1.4394e-003 1.8083e-002
Posd12 8.4915e-003 Not found 1.1197e-002
Posm12 4.2255e-013 Not found Not found
Posd17 8.4921e-003 Not found 1.5605e-002
Posm17 5.9998e-011 Not found Not found
Posd18 1.1851e-003 Not found 4.2689e-003
Posm18 6.1486e-003 Not found 9.2673e-003
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Table 3.2. Parameter intervals from the profile likelihood analysis of the model param-
eters for the 3-compartment model of yeast post-cytokinesis. One mother-daughter pair
has been examined. The daughter set is labelled posd05 and the mother set is labelled
posm05. The parameters are, apart from kDiff2 for posm05, well defined. The parameter
intervals for kI and kE overlap between the mother and daughter sets, so no conclusions
can be drawn as to which cell has the fastest dynamics. The daughter cell has the highest
value for kDiff1.
Dataset kI

Optimum lower upper
Posd05 1.4091 9.6113e-001 2.5422
Posm05 2.3123 1.4055 4.8124
Dataset kE

Optimum lower upper
Posd05 4.5150e-001 6.5588e-001 1.0790
Posm05 1.1417 6.2992e-001 2.1568
Dataset kDiff1

Optimum lower upper
Posd05 3.1042e-002 2.4091e-002 4.5094e-002
Posm05 1.2247e-002 1.0964e-002 2.1690e-002
Dataset kDiff2

Optimum lower upper
Posd05 1.0786e-001 6.9608e-002 1.5382e-001
Posm05 4.4721e-010 Not found Not found

3.2.3 Parameter Estimation for the 3-compartment Model
A profile likelihood analysis for the 3-compartment model was due to time con-
straints only carried out for a selected data set. The selection of data set was
based on the improvement in fit compared to the 2-compartment model and on
data that shows a clear fast dynamic in the first seconds after the FRAP. Prefer-
ence was also given to good mother-daughter pairs, since the original hypothesis Φ
(see Section 1.3) is concerning the difference between the behaviour in the mother
and daughter cells. The results of the PLHA for the data set chosen can be seen
in Figure 3.5.

The parameters were found to be identifiable and can be seen in Table 3.2.
For the selected mother-daughter pair the kinetic constants were generally higher
for the mother, which goes against the proposed hypothesis Φ (see Section 1.3).
The parameter intervals for the same parameter but in mother and daughter does
overlap for some of the parameters, in which case no conclusion can be reached
regarding these parameters’ interdependence. If the kinetic constants kDiff1 and
kDiff2 correctly reflect the diffusion in the cytosol, they should be equal in all
cells. This is not the case and the present data suggests higher diffusion rates
in the daughter cell. The kinetic constants kDiff1 and kDiff2 should also be
related via Vfrac, such that kDiff1 is equal to kDiff2 multiplied by Vfrac, which
is not excluded from the results for reasonable values of Vfrac [6]. The fact that
kDiff1 and kDiff2 could be described as one parameter might explain why kDiff2 is
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Figure 3.5. Results for the profile likelihood analysis of the 3-compartment model of
Ace2p in yeast post-cytokinesis for one data set.

sometimes hard to estimate. If the model was changed to take the relation between
kDiff1 and kDiff2 into account the parameter interval estimation’s success rate
might be higher.

However, no conclusions on the general behaviour of mother-daughter pairs
can be drawn since only one pair of cells has been investigated at the present. It
has been shown that the natural variance in the behaviour of biological systems
leads to the conclusions that some cells will not behave according to theory [3].



Chapter 4

Discussion

In this chapter the results will be discussed and possible continuations of the
project will be suggested.

4.1 Discussion of the Results
During the course of this project the view of the model system has changed. The
2-compartment model has been evaluated for several data sets and an attempt to
find the boundaries for the parameters has been made. The parameter bounderies
proved to be non-identifiable, most clearly in the down-ward direction. The diffu-
sion has been found to be non-negligible, and a new model has been proposed to
account for this.

The assumption that the amount of Ace2p within each cell does not increase
during the experiment could not be supported by the data. During the first seconds
after each FRAP the total signal increases in a statistically significant manner.
Import and export as well as new synthetisation of Ace2p can be ruled out during
the experimental conditions. The most probable candidate to account for this
increase is that the part of the cytosol that is measured is not representative for
the whole cell. Thus, the assumption that the amount of Ace2p does not change
during the course of the experiment can still be correct, but only if the data used
is not representative for the whole cell.

The 2-compartment model of Ace2p distribution in yeast post-cytokinesis as-
sumes that the two states measured can be used to describe the whole cell. The
optimized parameters did, for most data sets, not satisfy the statistical measure of
fit (see Figure 3.1). The best statistical values for the parameters were found when
the initial values after each FRAP were allowed to vary. Despite the additional
optimization, an ocular inspection of the simulation showed that the initial fast
dynamics could not be explained (see Figure 3.2).

Modelling of Ace2p-distribution in yeast before cytokinesis has only been touch-
ed upon in the present work. The model used has been based on the same as-
sumptions as the 2-compartment model of post-cytokinesis and the preliminary
conclusion is that the model for pre-cytokinesis share the 2-compartment model’s

35



36 Discussion

problems; no statistically significant fits were found. More work needs to be done
on the pre-cytokinesis distribution to make any conclusive statements.

The new 3-compartment model has a statistically proven better fit for the data
available. However, it introduces a new state that is not measured thus far. The
initial values for the cytosol close to the nucleus are optimized for each FRAP,
and this gives the model a certain freedom in explaining the data. Before the
cytosol close to the nucleus actually is measured no final conclusions, regarding
the superiority of the 3-compartment model, can be drawn. The model predicts
a certain behaviour that has to be exhibited also in the real system in order to
validate the model. The biological interpretation of the new model is not evaluated.

The parameter estimation for the 3-compartment model of Ace2p localization
in yeast post-cytokinesis has been done for one mother-daughter pair of data set.
The results in Table 3.2 show that the parameters are identifiable for the daughter
cell, and 3 out of the 4 parameters for the mother cell are identifiable. The
biological interpretation of the constants remains to be done.

Parameter estimation using the profile likelihood method is working well, but
has high demands on time and/or computational power. The models evaluated
during this project can be considered small, and the use of higher order models
would lead to higher and perhaps even unreasonable computational times.

4.2 Possible Continuations
The findings during this project has generated some new and interesting questions.
At the moment the 3-compartment model is deemed the best, but the predictions
have to be validated with new data.

With further analysis of the pictures from the confocal microscopy, data for
the new state can be added to the current data sets. This data should then be
included in the cost function used for the parameter estimation.

Since the project has mostly worked with data from cells that have gone
through cytokinesis, work still remains on how the localization of Ace2p is ac-
complished before cytokinesis. As suggested previously, if the 3-compartment
model of post-cytokinesis turns out to explain the new data, a model of Ace2p
pre-cytokinesis should be constructed based on the post-cytokinesis model.

The 3-compartment model should be studied for its biological implications.
The behaviour of the model has to be explained in terms of biological processes in
order for the model to be used as an explanation of the system. Some ideas worth
investigating are if the kinetic constants kDiff1 and kDiff2 can be related to dif-
fusion and how the transport across the nuclear membrane is actually proceeding.

After including more data in the cost function, more data sets should be eval-
uated using PLHA. Because of the variations between cells several data sets need
to be evaluated to draw any conclusion in support of the hypothesis that the
asymmetry results from higher transport rates across the nuclear membrane in
the daughter cell.

The profile likelihood method of parameter estimation has proven to be useful.
The next step could be to compare the results with other methods of parameter



4.2 Possible Continuations 37

estimation, e.g. Fisher Information Matrix. It would also be good to investigate
how the computational demands relate to model size in terms of number of states
and parameters.

At the moment the profile likelihood analysis is demanding of computational
power. In some ways this is not possible to get away from, but the choice of
optimization method should be looked into more thoroughly. Simulated annealing
is a fast method for finding the general area of the optimum, but is very slow in the
last iterations [11]. A gradient-based search algorithm could be a way to decrease
the computational time. Since multi-core processors are becoming more and more
common, an inclusion of a parallelization option in the script might prove useful
in decreasing computational time.
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Appendix A

Matlab Implementetion of
PLHA

A.1 Profile Likelihood Script
function plh_analysis_gen(data, model, CostFunction, name, OPTIONSin, wP,
passalong)
%%%%%%%%%%%%%
%% NOTES
% Obligatory:
% data = experimental data in a form that CostFunction recognizes.
% model = the name of the modelfile (minus .txt) for the model to be
% evaluated (string)
% CostFunction = function handle for the CostFucntion to be used. Should be
% compatible with data. Should take (param, data, Name of Optimized Param).
% Optional: (param, data, Name of Optimized Param, passalong). See below.
% name = name for the dataset, used when creating results files and to load
% starting parameters. The values from the initial optimization should be
% in a file named agV_/name/.dat, where /name/ is the input variable

% Optional:
% OPTIONSin = OPTIONS for the optimization algorithm (see help for
% simannealingSBAOClusteringL) and for the plha in a struct
% OPTIONSin.extra = 1 for passalong being optimized; 0 for just used as
% extra input to the costfunction.
% OPTIONSin.res = resolution, higher values=more detail (for low values set a
% higher cutoff)
% OPTIONSin.sens = sensitivity; how many peaks are acceptable; how many
% points that can be above the cutoff difference and fail before stopping
% the run; can be changed to run the analysis longer
% OPTIONSin.cutoff = cutoff to end the run when outside the interesting area;
% the unacceptable difference between 2 consecutive costvalues; should be
% set higher for lower resolutions
% wP = parameter to investigate, if not included all parameters will be run
% passalong = extra parameters for the CostFunction, if this is included
% also include OPTIONSin.extra to indicate the use of passalong (see above).

%%%%%%%%%%%%%
%% SORT OUT THE INARG
if ~(isstruct(OPTIONSin))

if ischar(OPTIONSin)
wP=OPTIONSin;

else
passalong=OPTIONSin;

end
end

if ~(ischar(wP))
passalong=wP;

end

%%%%%%%%%%%%%%
%% Set-up of the background

% Set default values for plha-options
res=1000;
sens=100;
cutoff=15;
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% Change to user defined plha-options, if available
if (isstruct(OPTIONSin))

if isfield(OPTIONSin,’res’)
res=OPTIONSin.res;

elseif isfield(OPTIONSin,’sens’)
sens=OPTIONSin.sens;

elseif isfield(OPTIONSin,’cutoff’)
cutoff=OPTIONSin.cutoff;

end
end

% load the file containing parameter and cost values
aGV = load(strcat(’agV_’,name,’.dat’));

% determine the parameters yielding the lowest cost
cost = aGV(:,1);
best = aGV (cost==min(cost),2:end);

%create basic model to get parameter names
optModel = SBmodel(strcat(model,’.txt’));
[P, dummy]=SBparameters(optModel);
datum=date;

% run all parameters or just the one specified (as a string) by the user
if exist(’wP’,’var’)

if ~(ischar(wP)) % if scP does not exist
v=1;
h=length(P);

else % it does exist, i.e. user has specified which parameter is scP
scP=strmatch(wP,P);
v=scP;
h=scP;

end
end

% check for passalong and if its to be optimized
if isfield(OPTIONSin,’extra’) && OPTIONSin.extra == 1

passalong=best(length(P)+1:end);
end

%%%%%%%%%%
%% Run the PLHA

for k=v:h % for all parameters; k is scP
start=best(1,:)’;
est = best(1,k); %take the best value for parameter k
left_border = est/100;
right_border = est*100;
B = log10(est); % parameter space
L = log10(left_border);
R = log10(right_border);
left_space = 10.^linspace(L, B, res);
right_space = 10.^linspace(B, R, res);
run_parameters(:,1) = fliplr(left_space); %parameter values for scP to the left

and right
run_parameters(:,2) = right_space;

pName=P(k); %scP
p=1;
r=1;
pNamesOpt=cell(size(P,1)-1,1);
while p<=(length(P)-1)

if ~(r==k)
pNamesOpt(p)=P(r);%all except scP
p=p+1;

end
r=r+1;

end
getCost = create_call(data,pNamesOpt,CostFunction,OPTIONSin, passalong);

for l=1:2 % for all parameter twice (left and right)
Cost=aGV(cost==min(cost),1); % this is done in order for it to be able

to change direction and not get caught by the cutoff.

%set the while-loop parameters
m=1;
n=0;
startGuess=zeros((length(P)-1),1);
p=1;
r=1;
while p<=(length(P)-1)

if ~(r==k)
startGuess(p) = start(r);
p=p+1;

end
r=r+1;

end

if exist(’passalong’,’var’) && OPTIONSin.extra==1 %if passalong
exists and should be optimized add it to startGuess
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startGuess = [startGuess; passalong];
end

while m<=res && n<=sens % for the resolution while not getting
too many spikes

parameter=run_parameters(m,l);
tmpModel = SBparameters(optModel, pName, parameter);
SBPDmakeMEXmodel(tmpModel,’simMod’);
startCost = feval(getCost, startGuess’);

% default options for optimization
% define the options for the annealing optimization; these should
% be set to a resonable ’bad’ level
OPTIONS = [];
OPTIONS.tempstart = 1e2*startCost; %InitialTemp
OPTIONS.tempend = 0.5; %EndTemp
OPTIONS.tempfactor = 0.1; %tempfactor
OPTIONS.maxitertemp = 100*2; %Max-iterations per temp
OPTIONS.maxitertemp0 = 1000*2; %Max-iterations at temp0
OPTIONS.maxtime = 2d6; %Max-time
OPTIONS.tolx = 1e-10; %TolX
OPTIONS.tolfun = 1e-10; %Tolfun
OPTIONS.MaxRestartPoints = 2; %Number of

% parallel valleys which are searched through. This is the one
% that is modified, when doing uncertainty analysis
OPTIONS.lowbounds = 1e-2;
OPTIONS.highbounds = 1e2;
OPTIONS.outputFunction =’’;
OPTIONS.silent = 0;

% change to user-defined options if available
if (isstruct(OPTIONSin))

if isfield(OPTIONSin,’tempstart’)
OPTIONS.tempstart=OPTIONSin.tempstart;

end
if isfield(OPTIONSin,’tempend’)

OPTIONS.tempend=OPTIONSin.tempend;
end
if isfield(OPTIONSin,’tempfactor’)

OPTIONS.tempfactor=OPTIONSin.tempfactor;
end
if isfield(OPTIONSin,’maxitertemp’)

OPTIONS.maxitertemp = OPTIONSin.maxitertemp;
end
if isfield(OPTIONSin,’maxitertemp0’)

OPTIONS.maxitertemp0=OPTIONSin.maxitertemp0;
end
if isfield(OPTIONSin,’tolx’)

OPTIONS.tolx = OPTIONSin.tolx;
end
if isfield(OPTIONSin,’tolfun’)

OPTIONS.tolfun = OPTIONSin.tolfun;
end
if isfield(OPTIONSin,’lowbounds’)

OPTIONS.lowbounds=OPTIONSin.lowbounds;
end
if isfield(OPTIONSin,’highbounds’)

OPTIONS.highbounds = OPTIONSin.highbounds;
end
if isfield(OPTIONSin,’outputFunction’)

OPTIONS.outputFunction = OPTIONSin.outputFunction;
end
if isfield(OPTIONSin,’silent’)

OPTIONS.silent=OPTIONSin.silent;
end

end

format long
format compact

[newGuess,newCost,EXITFLAG]
= simannealingSBAOClusteringL(getCost,startGuess’,OPTIONS);

success_flag=1;

if abs(newCost(1,1)-Cost)>cutoff

%define the options for the annealing optimization
%These are set at a stricter level compared to
%OPTIONS/OPTIONSin.
OPTIONS2 = OPTIONS;
OPTIONS2.tempstart = OPTIONS.tempstart*5;
%InitialTemp
OPTIONS2.maxitertemp = OPTIONS.maxitertemp*10;
%Max-iterations per temp
OPTIONS2.maxitertemp0 = OPTIONS.maxitertemp0*10;
%Max-iterations at temp0
OPTIONS2.MaxRestartPoints = OPTIONS.MaxRestartPoints*2;

%Number of parallel valleys which are searched through

[newGuess,newCost,EXITFLAG] =
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simannealingSBAOClusteringL(getCost,startGuess’,OPTIONS2);

if abs(newCost(1,1)-Cost)>cutoff
n=n+1;
dlmwrite([datum,’_fail_’,char(pName),’_’,name,’.dat’],

[parameter,newGuess(1,:),newCost(1,1)],’-append’);
success_flag=0;

end
end
if success_flag==1

Cost=newCost(1,1);
dlmwrite([datum,’_PLHA_’,char(pName),’_’,name,’.dat’],

[parameter,newGuess(1,:),newCost(1,1)],’-append’);
end
startGuess = newGuess(1,:)’;
m=m+1;

end
end

end
end

% Create function handles to be able to passalong extra parameters
% and pNamesOpt
function hand = create_call(data, pNamesOpt, CostFunction,
OPTIONSin, passalong)
hand=@callCost;

function [error] = callCost(param)
if (isstruct(OPTIONSin)) && isfield(OPTIONSin,’extra’)

&& OPTIONSin.extra == 0
error=feval(CostFunction, param, data, pNamesOpt, passalong);

else
error=feval(CostFunction, param, data, pNamesOpt);

end
end

end

A.2 Additional simulation results
In this part additional results from the simulation of the optimized parameters for
other data sets can be found.
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Figure A.1. Simulation of the optimized parameters for the 2-compartment model
of Ace2p distribution in yeast post-cytokinesis. The upper curves are the data for the
nucleus, and the lower curves are the data for the cytosol. The measurement data is shown
in thin black lines that show a spiky appearance. The shaded (yellow) area indicates one
standard deviation for the measurement data. The simulated data is shown in thicker
black lines. Daughter set is labelled posd and Mother set is labelled posm. Four FRAPs
were run for each experiment and the this can be seen as four steps in the curve for the
nucleus. Due to instrumentation, gaps with no measurements occur. The χ2-cut-off for
270 data points at 95% confidence level is 309.3258. The statistics for these sets shows
that the fit is not good.
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Figure A.2. Simulation of the optimized parameters for the 2-compartment model of
Ace2p distribution in yeast post-cytokinesis with the initial conditions optimized. The
upper curves are the data for the nucleus, and the lower curves are the data for the cytosol.
The measurement data is shown in thin black lines that show a spiky appearance. The
shaded (yellow) area indicates one standard deviation for the measurement data. The
simulated data is shown in thicker black lines. The daughter set is labelled posd and the
mother set is labelled posm. Four FRAPs were run for each experiment and the this can
be seen as four steps in the curve for the nucleus. Due to instrumentation, gaps with
no measurements occur. The χ2-cut-off for 270 data points at 95% confidence level is
309.3258. The initial values for the states after each FRAP have been optimized. The
results are with a high statistical significance better than the results for the run without
optimizing the initial values (see Figure A.1).
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Figure A.3. Simulation of the optimized parameters for the 3-compartment model.
The upper shaded (yellow) area and associated curves are the data for the nucleus, and
the lower shaded (yellow) area and associated curves are the data for the far cytosol.
The measurement data is shown in thin black lines that show a spiky appearance. The
shaded (yellow) area indicates one standard deviation for the measurement data. The
simulated data is shown in thicker black lines. The cytosol close to the nuclus does not
have measurement data and the simulation is shown in thick black lines that are not
associated with any shaded (yellow) areas. The daughter set is labelled posd and the
mother set is labelled posm. Four FRAPs were run for each experiment and the this can
be seen as four steps in the curve for the nucleus. Due to instrumentation, gaps with
no measurements occur. The χ2-cut-off for 270 data points at 95% confidence level is
309.3258.


