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Chapter 1 

General Introduction 
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1.1 mRNA and the origins of systems biology 

It is beyond doubt that various species of ribonucleic acid (RNA) and processes 

regulating their synthesis and degradation are of fundamental importance to 

biological systems. Indeed, one of the current opinions is that RNA may lie at 

the very origins of life (Lehman, 2010). 

Several hypotheses have been developed as to how life on Earth appeared and 

evolved (Davis and McKay, 1996; Kamminga, 1988).  One of the popular 

hypotheses suggests that life started with RNA. RNA is the only known 

biological molecule that can both transfer the genetic information and perform 

a chemical function due to its ability to form tertiary structure (Johnston et al., 

2001).  It is proposed that in the early biosphere RNA molecules may have co-

evolved as a replicating enzyme and a complementary strand coding for it.  The 

possible relics of the functional RNAs can still be found in contemporary 

organisms (Meli et al., 2001).  Some of the molecular machinery still contain 

elements of RNA; in fact, the core of one of the fundamental particles, the 

ribosome, consists of RNA by more than 50% and its RNA structure plays an 

active role in the catalysis of peptide bond formation (Nissen et al., 2000).  

More examples of functional ribozymes (RNAs with catalytic activity) have 

been discovered (Forster and Symons, 1987).  Some of the viruses use RNA as 

the only carrier of the genetic material, although it is unclear if they are 

actually survivors of a pre-DNA era or the result of later evolutionary events.  

A few theories have been proposed as to how the evolution of purely RNA 

based organisms could have proceeded until the respective functions of genetic 

material and molecular machinery were taken over by the DNA and proteins, 

respectively, significantly diminishing the role of the RNA (Poole et al., 1998).  

One group of current RNAs still plays both a structural and enzymatic role, i.e. 

ribosomal RNA, while other groups acquired new functions, like transfer RNA 

that serves as an adaptor during protein synthesis or small RNAs involved in 

regulation of transcription and translation.  The final class of RNAs is that of 

the messenger RNAs, or mRNAs, which represent temporary copies of DNA-

encoded genetic information on the basis of which the corresponding proteins 

are synthesized by translation.  

The principle of information transfer from the DNA to protein via RNA is a 

major part of what is known as the central dogma of molecular biology 

(Fig.1.1A). It was first formulated by Crick in 1958 (Crick, 1970). In the 

following few years the experiments showed that indeed a fraction of RNA is 
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complementary to the DNA and that its sequence determines the structure of 

the protein produced (Belozersky and Spirin, 1958; Crick et al., 1961). This 

principle was the one of the first stepping stones that led to the flourishing of 

the field of molecular biology. New genes and their protein products were 

discovered and their properties characterized. The development of new 

experimental technologies has culminated in sequencing entire genomes as 

well as in large scale studies that measure thousands of mRNAs or protein 

molecules at the same time. Almost fifty years later, the accumulation of 

knowledge about single components has shifted focus from individual 

molecules to networks (Ideker et al., 2001; Westerhoff and Palsson, 2004). 

There was a growing realization that the knowledge of the relationship between 

the genes and their protein products alone is insufficient for understanding the 

living organisms’ function or for developing practical applications in medicine 

and biotechnology. Answers to this problem came in the form of a systemic 

approach that studies how interactions between system components give rise to 

functional behavior and how the molecular complexity underlies coherent and 

robust cellular and, ultimately, multi-cellular behavior (Alberghina and 

Westerhoff, 2007; Barabasi and Oltvai, 2004). This field has come to be called 

systems biology. Systems biology places emphasis on using formal modeling 

approaches to describe dynamic interactions of the molecules in the cell. These 

models help achieve better understanding of the cellular function, design more 

informative experiments and ultimately (with sufficient refinement) predict the 

outcome of perturbations applied to the cells and organisms (Bruggeman and 

Westerhoff, 2007; Kitano, 2004; Snoep and Westerhoff, 2005). 

Currently, a number of different approaches to modeling molecular networks 

have been developed (Szallasi et al., 2010). They use different degrees of 

simplification and require different amount of prior knowledge (as discussed in 

the next section), and there is a certain debate over which degree of modeling 

accuracy is required for practical purposes (Gonze et al., 2011). All of these 

modeling methods are applied to certain segments of the complete cellular 

molecular network, both because of insufficient knowledge of the molecular 

interactions and kinetic constants, and because approaches that can efficiently 

handle large models on the interaction between levels (genomic, proteomic, 

metabolic) are in the stage of development (Covert et al., 2008; Lee et al., 

2008). Currently, the largest and best developed structural models at a single 

level are the genome scale stoichiometric model of E.coli and Saccharomyces 

cerevisiae metabolism (Feist et al., 2007; Herrgard et al., 2008) and the 
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regulatory models are that of the MAPK pathway and mammalian cell cycle 

(Bluthgen et al., 2006; Kar et al., 2009; Sasagawa et al., 2005). The assumption 

is that one may regard certain network segments (for example, particular 

metabolic and signaling pathway) as semi-autonomous modules and describe 

their behavior with reasonable degree of accuracy while ignoring the rest of the 

network. The expectation is that when separate modules have been well 

developed one can start connecting them and ultimately will be able to describe 

the complete network (Westerhoff et al., 2011). At the moment, the 

groundwork of describing separate modules still needs to be done. 

 

 

Figure 1.1: The old and the new dogma. A. The central dogma of molecular 

biology: the flow of the genetic information. The solid lines show the standard routes 

of genetic information flow, dashed – the ones that predominantly occur in viruses and 

on evolutionary timescales in cellular organisms. B. The new systems biology dogma: 

the solid lines represent genetic information flow, dashed – regulatory interactions.  

 

Within the systems biology approach a new dogma is emerging: each protein 

can be regarded in at least seven dimensions – three spatial (corresponding to 

the location in the cell), one temporal dimension, as well as the three classic 

dimensions of the concentrations of the corresponding DNA (gene), mRNA 
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and the protein itself. If one takes into account metabolites a protein may 

produce or regulate, the number becomes 3+m+3+1, where m is the number 

metabolites.  It follows that the whole cell system of n proteins would have at 

least n*(3+m)+4 dimensions, where n is the number of genes, m is number of 

metabolites per protein and 4 derives from the spatial and temporal dimensions 

shared by all the molecules in the cell (Fig.1.1B). The number of the 

metabolites per protein is largely an approximation as some proteins do not 

interact with small organic molecules (for instance, signaling adaptor protein 

GRB2) while others can bind multiple metabolites (for instance, PFK enzyme 

binding at least three -fructose-6-phospate, ATP and fructose-2,6-

bisphosphate). The currently available (and likely incomplete) estimation  of 

the number of metabolites in humans is in the range of 7*10
3
 

(Genome_Alberta, 2005), which is approximately comparable to a number of 

proteins in a single cell (5-10 *10
3
) suggesting that m≈1. 

Transcription is the process that according to the dogma, bridges the genetic 

information stored in the DNA with protein synthesis. It is a process of 

transferring the genetic information stored in a DNA strand to a 

complementary strand of mRNA with the aid of an RNA polymerase. The 

presence of the mRNA then co-determines whether the protein is being 

transcribed and consequently the protein composition of the cell at a given 

moment. Moreover, the mRNA concentration, which depends on both 

transcription and degradation rates, has high control over the value of the 

protein concentration. The rate of protein synthesis is linearly dependent on the 

mRNA concentration in cases when there is no limitation in the number of 

available ribosomal particles, or a minority component of the mRNA 

population is modulated. The extent by which a parameter p affects a cell 

component x steady state concentration is described by concentration control 

coefficient: 

  
  

   

   
 

    

    
      (1.1) 

where dp - is the infinitesimal specific modulation of the parameter p, dx – is 

the resulting change in the concentration, p and x represent the unperturbed 

parameter and steady state concentration, respectively. (For other system 

properties such as flux or time-dependent concentration, the control 

coefficients are defined similarly). 
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For a simple system 

 

              

 

               

 

the control coefficient of transcription rate constant on the protein 

concentration is equal to 1, while control of mRNA degradation rate constant is 

-1 (Westerhoff et al., 2009; Westerhoff et al., 1990) 

This means that in the simplest case with unsaturated transcription and 

translation, an increase in transcription /degradation rate (and as 

consequentially mRNA concentration) leads to a proportionate 

increase/decrease in protein concentration.  

The high control of mRNA-related processes on the protein concentrations, 

however, does not automatically imply that the regulation of the protein 

concentration necessarily occurs only through changing the mRNA levels. 

There is ample evidence that, in fact, in many cases most of the regulation 

occurs at the level of the protein synthesis and degradation (Brockmann et al., 

2007; Dressaire et al., 2009; Liu et al., 2012),  at the level of changes in the 

protein activity through post transcriptional modifications, or at the level of 

metabolism. Such is the case in the regulation of metabolism such as glycolysis 

in yeast and in the short term regulation of signaling pathways’ sensitivity in 

human cells (Legewie et al., 2008; Rossell et al., 2006). One of the reasons 

posttranslational regulation dominates in certain cases could be the relatively 

slow timescales of the transcription plus translation response compared to the 

rates of metabolic and signaling processes. Such discrepancy would make 

transcriptional regulation inefficient when fast adaptation response is required. 

In the instances of large scale cell adaptation and developmental processes 

(such as cell cycle and differentiation) where the relevant regulatory time 

scales are closer to that of the transcription it is likely to be different. 

Indeed, there are many examples of adaptations and development and 

differentiation where changes in transcription or mRNA metabolism occur and 

are of critical importance (Merico et al., 2012; Tuomisto et al., 2005). These 

ktransl kdeg prot 

ktransc kdeg mRNA 
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are then key processes that determine the cell phenotype and as such require 

precise understanding of their regulation and dynamics. 

1.2 A short and incomplete guide to transcription modeling 

Modeling metabolic and signal transduction pathways has been the primary 

focus of the modeling efforts so far; the main interest lying with steady state 

situations in metabolism and short term scale dynamics in signaling. For these 

types of models the proteins in the network are typically assumed to have 

constant concentrations in time, which corresponds to a steady state situation at 

the transcription and translation levels. In many cases this assumption is 

justified as, even when there are changes at the transcription level, these occur 

slowly relatively to the process of interest. Transcription and translation are by 

their nature more sluggish processes than signal transduction and metabolism:  

the synthesis of a mRNA chain requires the addition of hundreds of 

nucleotides, which means that many enzymatic steps have to be performed to 

accomplish it. The characteristic times of the mRNA (and proteins) are thereby 

rather slow, typically ranging from tens of minutes up to ten hours (Miller et 

al., 2011; Schwanhausser et al., 2011; Sharova et al., 2009), while the 

characteristic times of metabolites and molecules involved in signal 

transduction are often between one second and tens of minutes (Holzhutter, 

2004; Hornberg et al., 2005; Teusink et al., 2000; Wolf et al., 2007) (although 

there can be slower expectations, for example, in low capacity, rare metabolism 

branches if metabolite channeling occurs). An important factor is the stability 

of the relevant and regulated type of molecule.  Many proteins have life times 

of multiple hours, where mainstream metabolites may live for 20 seconds only.  

For both categories there are important exceptions, lipids living for hours and 

some regulatory proteins for a few minutes only (Legewie et al., 2008). Thus 

when the interest lies in short term processes it is not always necessary to take 

into account the relatively slow changes at the transcription/protein production 

level, although caution is advisable (de la Fuente et al., 2002). As a result of 

these intuitions (which we may prove wrong below), there is a smaller number 

of models that take into account mRNA metabolism. 

Explicit modeling of transcription typically becomes of interest when longer-

term adaptation or developmental processes are involved. Many approaches to 

modeling molecular networks exist that differ in the level of abstraction and 

consequently in the amount of information required as input (Fig.1.2). A large 
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part of modeling research has been dedicated to inferring the transcriptional 

networks from the expression data (Bauer et al., 2010; Friedman, 2004; Kim et 

al., 2003; Pe'er et al., 2001). The Bayesian inference methods attempt to 

estimate likelihood that a set of genes is regulated by certain transcription 

factors based on the correlation between the levels of expression under a 

variety of conditions. This results in a prediction of the probability that gene X 

is regulated by a transcription factor Y under certain conditions. While this 

approach is not unsuccessful as demonstrated by testing its predictions 

experimentally it does have serious drawbacks. It relies exclusively on 

correlation and it neither distinguishes between co-expression and actual causal 

regulation, nor does it take into account mechanistic insights. Bringing 

additional evidence such as transcription factor binding sites and known 

interactions between transcription factors to the table can improve prediction 

quality (Sabatti and James, 2006). Specifically, using time-resolved rather than 

single time point data (in combination with other methods) is effective (Kim et 

al., 2003). Adding the element of time increases the probability of finding 

actual mechanistic interactions. 

  

 

Figure 1.2: Types of modeling approaches. Modeling frameworks are here classified 

by the resolution with which they represent the system and the amount of information 

they require. The highly abstract approaches such as graph theory and Bayesian 

networks rely only on knowledge of the structure of the network. On the other side of 

the scale are ODEs (ordinary differential equations) and CMEs (chemical master 

equations) that require precise knowledge of kinetic constants.  
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 These types of models, while important, do not provide insights into the 

dynamics of mRNA transcription. One could argue that if we are interested in 

transition of the cell from one expression state to another it is not necessarily 

relevant to know the details of the process; only result of the process matters 

There are nonetheless many examples of cases when the knowledge of precise 

dynamics is not only important to determine the timing of adaptation and 

developmental processes, but also to explain the functionality of a particular 

network design. There are several examples of such models that incorporate 

transcription level regulation. One example is the full model of the lactose 

operon in E. coli (Yildirim and Mackey, 2003). It includes positive feedback in 

the presence of lactose inducing the expression of its transporter, increasing the 

internal lactose concentration and releasing the repressor protein from the 

lactose operon’s promoter. The model exhibits bistability which has been 

observed in experiments. Extensive research by the group of Alon, revealed the 

presence of characteristic functional structures (motifs) in the E. coli 

transcriptional network regulating metabolism and adaptation. For instance, if a 

transcription factor (TF) negatively regulates its own transcription via a 

negative feedback loop (for example PurR, a purine biosynthesis regulator), the 

response time of its target genes decreases (Rosenfeld et al., 2002). A similar 

effect can be produced through an incoherent feed-forward loop (I-FFL) as in 

the case of regulation of the galactose operon by cAMP (it first activates the 

transcription factor CRP which regulates both the galactose operon and the TF 

galS which then represses the galactose operon) (Mangan et al., 2006). Finally, 

a coherent feed-forward loop (having the same topology as the I-FFL, but both 

TFs activating the target gene) can produce a delayed dynamics of protein 

production in case of flagellum synthesis (Kalir et al., 2005). 

Another example is a feed-back mechanism employed in desensitizing the 

STAT signaling pathway to its activator by upregulating its inhibitors (Yamada 

et al., 2003). Modeling the transcriptional response is essential for explaining 

the circadian rhythms in mammalian cells (Becker-Weimann et al., 2004). A 

negative feedback (BMAL1/CLOCK activates the transcription of 

cryptochrome proteins that later form a complex and inhibit BMAL1/CLOCK 

activity) generates slow oscillations of the network components.  

Additional examples are given by the cell cycle and immune cell 

differentiation. An accurate description of the cell cycle requires taking into 

account phase dynamics of transcription factors that drive the expression of 

cyclin proteins (Singhania et al., 2011). Divergence of the two types of T-
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helper cells is driven by interplay between two transcription factors (GATA3 

and T-bet). Both GATA3 and T-bet activate themselves and inhibit each other 

by regulating cytokine signaling pathways (Yates et al., 2004). This results in 

stable and mutually exclusive expression of the Th1 and Th2 lineages, 

respectively.  

The method best suited for modeling dynamics of transcription networks is the 

ordinary differential equation (ODE) framework. It allows modeling 

continuous changes in concentration of molecules explicitly and in principle as 

accurately as possible. The possible drawback, however, is that it requires 

precise knowledge of the kinetic constants which is rather sparse in the field of 

transcription research. It has therefore been argued that the implementation of 

Boolean network approaches can be justified (Glass and Kauffman, 1973; 

Thomas, 1973). The latter are based on three assumptions (i) the state of each 

gene can be either on or off, (ii) the regulatory control of gene expression can 

be approximated by Boolean logical rules (AND/OR) and (iii) all genes update 

their state synchronously. The approach has been shown to be under certain 

conditions the coarse-grained limit of the ODE systems (Davidich and 

Bornholdt, 2008). Applicable as it may (sometimes) be to steady state 

conditions, the framework is much less suitable for modeling dynamic 

behavior; for example, dynamics caused by the presence of feedback loops in 

the network cannot be reproduced adequately; only very crude dynamics can 

be captured. A hybrid approach is possible that combines the elements of both 

ODE and Boolean frameworks, in piece-wise linear differential equations 

(PLEs) (Casey et al., 2006; Porreca et al., 2008). In this approach reactions are 

modeled as in conventional ODE but incorporate as parameters functions that 

change discretely (for example from 0 to 1) depending on the values of the 

variables. The approach has recently been applied to cell cycle dynamics in 

yeast (Singhania et al., 2011). 

Even when more explicit frameworks like ODE are used for modeling 

transcriptional networks, simplifications are often made and molecular details 

of the mechanisms are not considered. Often the transcriptional and 

translational kinetics are lumped together (the mRNA corresponding to the 

protein is not modeled explicitly) or a quasi-steady state assumption (assuming 

that mRNA kinetics are much faster than the protein dynamics) is used 

(Rosenfeld et al., 2002; Zinovyev et al., 2010).  Mass action kinetics are used 

to model mRNA production in simpler cases; while to explain switch-like 

behavior of regulated genes, Hill functions with a high degree of cooperatively 
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are employed (Gjuvsland et al., 2007; Madar et al., 2011; Widder et al., 2007). 

In some cases models describing the kinetics of gene induction use delay 

differential equations (DDEs) to reproduce the observed delays between the 

stimulus addition and the response (von Stosch et al., 2010; Yildirim and 

Mackey, 2003; Zeiser et al., 2007). 

All of the approaches we described so far are suitable for modeling the 

dynamics of large numbers of molecules. The assumption that all relevant 

molecule numbers are large, tends to be valid for metabolic and some of the 

signaling networks. For transcription networks, in which genes come in one or 

two copies, and for some mRNAs with copy numbers in the range of tens or 

below, stochastic modeling approaches can be necessary, however. While the 

necessity may not be apparent from the measurements made on cell 

populations, small molecule numbers can have a big impact on the system 

behavior at the single cell level: they cause heterogeneity in observable cell 

properties.  Moreover, there are cases when average cell behavior cannot  be 

described accurately using the above kinetics in terms of average 

concentrations, as has been shown for proton gradient coupled synthesis of 

ATP that occurs in small membrane domains (Westerhoff and Chen, 1985). 

These types of processes require a very different type of modeling framework. 

1.3 Transcription noise: when life becomes unpredictable  

Due to experimental limitations, biochemical and molecular studies have 

traditionally used cell-culture extracts which meant that only protein and 

mRNA concentrations averaged over the population were measured. The 

molecular stochasticity had already been anticipated and population 

heterogeneity demonstrated decades ago (Berg, 1978; Spudich and Koshland, 

1976); for the first time it was experimentally shown in 1957 for β-

galactosidase expression (Novick and Weiner, 1957). However, only after the 

development of fluorescent labeling and new microscopy techniques, 

systematic quantitative studies at a single cell level became possible. Many 

experiments have since shown strong dispersion of cell properties even in 

clonal cell populations.  Results of some of these experiments suggest that 

average cell compositions do not reflect the phenomena found at the level of 

single cells.  
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Early studies of single Escherichia coli cells used artificially expressed 

fluorescent proteins (GFP, YFP, etc) to quantify the distribution of whole cell 

fluorescence across a cell population (Elowitz et al., 2002; Ozbudak et al., 

2002). The studies showed that isogenic cells can differ markedly in their 

protein levels. At first, only relative fluorescence units were used in the 

quantification of cellular variability. Later advances in fluorescent microscopy 

techniques made it possible to track single fluorescently-tagged molecules and 

quantify the distributions of macromolecule numbers in a cell population. This 

originally proved easier for mRNA than for protein, as it is possible to use 

fluorescent tags with the former more efficiently. For instance, single-molecule 

counting experiments of mRNA were first carried out using a bacteriophage-

derived protein, MS2 (Chubb et al., 2006; Golding et al., 2005). This protein 

binds particular RNA sequences and, when fused to a fluorescent protein, 

allows for single molecule counting of mRNA equipped with an array 50-100 

of MS2-binding sequences in its untranslated region. Such MS2-based methods 

enable time-resolved monitoring of transcription at the single cell level. The 

disadvantage of this method is that it requires genetic engineering of target 

genes. A more straightforward approach is RNA fluorescence in situ 

hybridization (RNA-FISH) (Raj et al., 2006; Youk et al., 2010). This technique 

does not allow for time-resolved studies of transcription activity, but gives 

snapshots of single cell transcript levels and gives insight into transcription-

level variability amongst cells in a population. An alternative approach is 

single-cell qPCR, which is limited to mRNA with levels higher than ten 

molecules per cell (Bengtsson et al., 2005).  

All these studies found that both in prokaryotes and in eukaryotes a substantial 

cell-to-cell variability in mRNA and protein numbers is observed in genetically 

identical cells. This phenomenon is believed to originate at the level of mRNA 

transcription and propagate to the protein level (Raj and van Oudenaarden, 

2008), although also binomial partitioning of proteins at cell division and 

dispersion of RNAse activity could play a role. The nature of the noisy 

expression was first addressed experimentally by Elowitz et al, by introducing 

two identical promoters driving expression of two different fluorescent 

promoters into E. coli (Elowitz et al., 2002). The experiment showed that two 

types of fluctuations existed: correlated between two promoters, or ‘extrinsic’, 

and uncorrelated, or ‘intrinsic’. Extrinsic fluctuations affect expression of both 

genes equally and occur due to differences between cells such as 

concentrations of RNA polymerases and ribosomes. Intrinsic fluctuations, on 
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the other hand, are the result of the inherent randomness of the macromolecular 

synthesis and degradation reactions. 

 

 

Figure 1.3: Stochastic versus average dynamics. A. Simulation results for the 

simple transcription model shown in equation 1. The synthesis rate constant was taken 

to equal 2 mRNAs/(min
.
cell) and the degradation rate constant was 0.2 min

−1
. The full 

black line in A gives the result of the macroscopic dynamics described by ODE 

starting from 0 mRNAs/cell to the steady state.  The other two lines show the results 

of two stochastic simulations (obtained by using the Gillespie algorithm that mimic 

single-cell behavior). B. The steady-state probability density for mRNA copy 

numbers; the red curve is determined from the simulations in A, taking the number of 

mRNA’s after the first 50 minutes and the blacked filled curve corresponds to the 

analytically derived Poisson distribution. 

 

The mRNA level at steady state is such that its averaged synthesis and 

degradation rates balance. However, the mRNA level would remain truly fixed 

over time only if individual synthesis and degradation events occurred in 

precise synchrony. This is however not the case, transcription depends on the 

stochastic diffusive encounters of transcription factors, RNA polymerase, and 

co-factors at regulatory sites, and promoters on the DNA. Degradation of 

mRNA, regardless of whether it is spontaneous or catalyzed, is a stochastic 

process as well. The average time for a single molecule reaction to occur is 

described by a single number - the inverse of its degradation reaction rate 

constant. But the individual reaction times are described by a distribution, in 

the simplest case an exponential one. In other words, there is no reason to 

believe that synthesis and degradation occur in synchrony and this has the 
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necessary consequence that the mRNA level should fluctuate at steady state 

around its average level (Fig. 1.3A).  

In the simplest possible deterministic model the production and degradation 

reactions are each described by single reactions with linear kinetics in terms of 

average molecule numbers: 

 〈     〉

  
   

    
 〈     〉    (1.2) 

Where for our example, <nm(t)> is the average mRNA copy number  and km
+
 

and km
-
 are production and degradation rate constants. 

In this case the distributions of mRNA across a cell population can be obtained 

in closed form, that is, the stochastic model can be analytically solved in terms 

of transcription and degradation kinetics (Fig. 1.3B). The result is the Poisson 

distribution.  

      
〈  〉  

   
  〈  〉

    (1.3) 

Statistical distributions are often partially characterized by variance, which is 

calculated as the difference between the second moment of the distribution and 

the squared mean  

〈    〉  〈  
 〉  〈  〉    (1.4) 

For the Poisson distribution the variance equals the mean. One measure of the 

distribution dispersion, the Fano factor, has been defined as the variance 

divided by the mean: 

〈    〉

〈  〉
      (1.5) 

The Poisson distribution has a Fano factor of 1. Another measure of dispersion 

is the variance divided by the mean squared. For the Poisson distribution this 

measure of noise equals 1/<nm> which shows that for Poisson distributed 

phenomena noise decreases with increasing copy number.  A measure of 

relative noise is the square root of the variance divided by the average, and 

equals the inverse of the square root of the average for the Poisson distribution.  

At equilibrium and in systems with entirely linear kinetics, molecule numbers 

are distributed following the Poisson distribution or an appropriately related 

distribution if there are limited degrees of freedom, such as due to moiety 

conservation relations.  Consequently, deviations of the Fano factor from 1 or 
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deviations of the relative noise from the inverse of the square root of the 

average molecule number should be considered as special. Such deviations 

depend on the kinetic structure of the system (Keizer, 1987). 

While some of the experimentally measured mRNA distributions are close to 

Poisson (Bengtsson et al., 2005; Zenklusen et al., 2008), others clearly display 

noise properties consistent neither with the simple continuous mRNA 

production model, nor with near equilibrium assumptions, nor with simple, 

linear kinetics (Raj et al., 2006; Zenklusen et al., 2008). This is in agreement 

with the studies showing that transcription can occur in bursts, genes toggling 

between transcriptionally active and inactive states and producing multiple 

messages when in the active state. The bursting has been directly observed first 

in prokaryotes (Golding et al., 2005) and recently in eukaryotes (Suter et al., 

2011).  

Models where the gene switches between inactive and active states in nonlinear 

fashions, i.e. with switch distribution that are non-Poissonian, are less 

amenable to analytical mathematical approaches, although exceptions exist 

(Dobrzynski and Bruggeman, 2009; Pedraza and Paulsson, 2008; Singh and 

Hespanha, 2009).   

Consequently, model simulation techniques tend to be used for their 

mathematical analysis.  One of these, the Gillespie algorithm, implements the 

stochastic description of a system of coupled chemical reactions correctly, i.e. 

in a manner equivalent to the master equation method. The algorithm simulates 

the progression of the state of the system in time by considering each reaction 

event (Gillespie, 1976). At a single iteration two random numbers are drawn. 

In combination with the magnitudes of reaction probabilities, one of these 

determines which reaction will occur, whilst the other determines the time 

interval at which the event happens. The reaction probabilities depend on the 

number of molecules as well as on the probability distribution of the reaction 

rates. The reaction is effected by updating the state in terms of the number of 

molecules of each chemical species and the time.  Then the next iteration is 

initiated. The method allows correctly simulating stochastic trajectories and 

numerically describing probability distributions as demonstrated in Fig.1.3. In 

this particular example, application of Gillespie algorithm was not necessary as 

the steady state distribution is an analytically derivable Poisson distribution; 

however the method becomes useful for more complex distribution as well as 

transitory state disruptions. A related methodology only depends on a single 
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random number; it calculates the time at which the process occurs as the sum 

of the inverse of all the first order rate constants (Westerhoff and Chen, 1985). 

Typically these models, same as the population level ODE models, make use of 

relatively simplified reaction schemes for mRNA production and degradation; 

exponential distributions are implemented to describe reaction times. It should 

be noted that both stochastic and traditional kinetic models in the field of 

mRNA production largely address or are inspired by the prokaryotic systems. 

There are, however, considerable differences in organization of gene 

expression regulation between prokaryotes and eukaryotes, which we will 

describe in the next section.  

1.4 My genes are longer than yours: eukaryotic versus 

prokaryotic transcription  

The Eukaryota is a domain of life that originated around 1.5 billion years ago 

presumably as a result of endosymbiosis between a prokaryotic symbionts and 

a pre-eukaryote host that was probably related to the Archaea (Mayr, 1998). So 

while eukaryotes inherited some of the metabolic features from their 

prokaryotic ancestors, their genetic organization differs due to their Archaeal 

origin as well as independent evolutionary acquisitions. The most obvious 

difference is the presence of the nuclear envelope that confines all processes 

associated with mRNA production to a compartment that is separate from the 

compartment where protein synthesis through mRNA translation occurs.  

Another prominent difference between eukaryotes and prokaryotes is that the 

eukaryotic genome exists almost entirely in the form of a nucleoprotein 

complex called chromatin. The eukaryotic DNA is arranged into nucleosomes, 

each nucleating approximately 147 bp of DNA. Almost two turns of the DNA 

are wound around a protein complex of eight histone molecules (a pair each of 

H2A, H2B, H3 and H4) that together constitute a nucleosome core particle. 

The core nucleosome is usually associated with one molecule of linker histone 

H1 that interacts with flanking DNA and neighboring nucleosomes. 

Nucleosomes are basic minimal units of chromatin structure, which may be 

arranged in higher order structures (Widom, 1998). Transcriptionally and 

replicationally active ‘euchromatin’ is ‘decondensed’, meaning that the higher 

order structure is absent, while ‘heterochromatin’ in G1-phase as well as the 

chromosomes during mitosis are highly ‘condensed’. The euchromatin 

structures observed in vitro and in vivo are 11 nm “beads-on-the -string”, 
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which then can be condensed into 30 nm fibers, and these are anchored to 

nuclear matrix forming loops of 50-100 kbp. The heterochromatin structure is 

incompletely understood, but apparently involves formation of higher-order 

structures, possibly superhelices (Morales et al., 2001).  

The nucleosomes hinder active transcription initiation and elongation. 

Transcription does not only require DNA duplex unwinding but also temporary 

disruption of the interactions between the nucleosomes and DNA (Morgan and 

Whitlock, 1992; Sathyanarayana et al., 1999). Nucleosomes are also known to 

obscure the transcription start sites of the genes and to prevent RNA 

polymerase from binding (Jiang and Pugh, 2009; Tillo et al., 2010).  Thus 

changes in chromatin structure are required for transcription to commence. 

The histone N-tails, especially those of H3 and H4, can have various post-

transcriptional modifications, such as those due to acetylation and methylation 

of lysines and arginines (other modifications, e.g. ubiquitinylation and 

phosphorylation may also be present). Some of these modifications are 

considered to be distinct markers for transcriptionally active and silent 

chromatin: for example, acetylation of H3K9(K14) and methylation of H3K4 

are associated with euchromatin and hypoacetylation and methylation of H3K9 

with heterochromatin (Nightingale et al., 2006). A large set of enzymes, i.e. 

histone acetyltransferases (HATs), deacetylases (HDACs), methylases (HMTs) 

and demethylases (HDMs), is responsible for adding and removing these 

modifications (Barrett and Wood, 2008). These modifications can facilitate 

chromatin condensation/decondensation both by changing the overall charge of 

histones and hence their physical interaction with DNA, and by attracting 

specific proteins (Kouzarides, 2007). For instance, acetylated histones stabilize 

the interaction of the chromatin-SWI/SNF remodelling complex with 

chromatin (Agalioti et al., 2002).  SWI/SNF and other complexes possess an 

ATP-dependent ability to make DNA wound around the histones within a 

nucleosome accessible to other proteins (“unpackaging”) and actively displace 

the nucleosomes along the DNA (through “sliding”). Various residue 

modifications (or their combinations) can be involved in regulation of 

transcription initiation and elongation, as well as in DNA replication and 

repair. In vivo recruitment of modifying enzymes and remodelling factors to 

chromatin is facilitated by transcription factors that bind specific sequences and 

become assembly sites for the chromatin remodelling machinery (Robyr and 

Wolffe, 1998). The chromatin context itself may influence the binding of 

transcription factors that modify the chromatin.  This makes the mechanism of 
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transcriptional regulation in eukaryotes considerably more complex than its 

bacterial counterpart (Garcia-Bassets et al., 2007; Narlikar et al., 2002), 

however complex that may be already (Snoep et al., 2002). 

 

 

 

Figure 1.4: Schematic representation of the peculiarities of eukaryotic mRNA 

metabolism. Pol II – RNA polymerase, TF – transcription factor, BTF – basal 

transcription factor, Med – mediator complex, G
7
mppp – cap structure.  

 

 In multi-cellular eukaryotes, cells need to respond precisely to local 

intercellular signals that ensure that they collaborate rather than compete.  They 

also need to respond to signals that regulate the homeostasis and occasionally 

adaptation of the whole body. Additionally, given the identical primary 

genome present in all cells (with a few exceptions like certain cells in the 

immune system) the differentiation between cells can be only accomplished by 

changing the profile of the proteins that are expressed in a particular cell. In 

eukaryotes an important actor of this process is the change of expression of the 



39 
 

mRNA (Center, 2009; Novershtern et al., 2011). This does not have to always 

be the case in order to change the profile of protein activity in the cell as has 

been demonstrated for metabolic adaptation (Daran-Lapujade et al., 2007; 

Rossell et al., 2008). Changes in protein activity can be achieved by post-

translational modification or by affecting initiation/degradation of a protein as 

well. However posttranscriptional mechanisms require the prior presence of the 

mRNA and protein which if the anticipated change is multi-option 

differentiation, would prove very costly (as a large proportion of the genes 

would have to be expressed). This makes the involvement of transcription level 

more likely during cell differentiation. 

In multicellular eukaryotes, a single gene is typically regulated by a great many 

transcription factors rather than just a few, the latter situation being more 

common in prokaryotic cells. This manifests itself, for example, in the form of 

enhancers – complex regulatory elements that contain several transcription 

binding sites (Ogata et al., 2003; Szutorisz et al., 2005). In contrast to 

prokaryotes the genes in eukaryotic genomes are not arranged in co-linear 

transcription units, such as operons regulated by a few TF-binding elements 

and producing a single common mRNA for all genes (Keseler et al., 2011). 

This suggests that in eukaryotes the regulation of single genes cannot be 

decomposed as straightforwardly as in the case of bacteria. 

Another interesting feature of eukaryotic genes is the presence of introns, i.e. 

non-coding sequences intercalating the gene’s open reading frame. These 

sequences of unclear evolutionary origin are also found in Archaea.  They can 

be a minor component of the genome, such as they are in yeast (less than 5% of 

the genes) (Parenteau et al., 2008), or a rather major component (present in 

most of the genes), which is what they are in higher eukaryotes. In extreme 

cases less than 3% of the gene consists of the actual coding sequence (Csuros 

et al., 2011). This has the consequence that in higher eukaryotes the genes are 

on average much longer than in prokaryotes, which is likely to affect the 

dynamics of transcription elongation.  Eukaryotic mRNA requires additional 

processing, such as intron excision before it is ready for translation. Together 

with modifications this constitutes the process of mRNA maturation that is 

much more sophisticated in eukaryotes than in prokaryotes. One such  

eukaryotic modification is the addition of the cap – a modified guanidine 

nucleotide to the 5’ end of the mRNA.  Another is the addition of a polyA 

sequence to the 3’ end of mRNA after the gene has been transcribed. Both 

these modifications protect the matured mRNA from degradation and are 



40 
 

required for efficient translation (Gallie, 1991; Ross, 1995). Two main mRNA 

degradation pathways have been described in eukaryotes, one removing the 

nucleotides from the 3’ end and the other removing them from the 5’ end of the 

molecule (Meyer et al., 2004). For many mRNAs, before degradation can 

proceed, the length of the polyA tail has to be reduced by progressive removal 

of the nucleotides at both ends. For some though, the degradation seems to 

occur primarily through the 5’ pathway, which starts with the removal of the 

cap immediately rendering mRNA unfunctional. The peculiarities of 

eukaryotic mRNA metabolism are summarized in Fig.1.4. 

1.5 What we intend to discover 

The presence of more sophisticated mechanisms of transcription and 

degradation regulation is likely to have an effect on the dynamics of mRNA 

metabolism in eukaryotes. The primary objective of this work is to investigate 

the influence of eukaryotic transcription design on the dynamics of 

transcription. Our two key questions are (i) whether taking the specifics of 

eukaryotic transcription into account improves our understanding of the 

experimental data and (ii) what are the functional implications of this design.  

In Chapter 2, we investigate the networks that drive large scale cellular 

processes such as adaptation response and differentiation. From literature 

evidence from various species and systems we propose a generic concept for 

the design of such networks. 

In Chapter 3, we take a more detailed look at the regulation at a single gene 

promoter level. We show that peculiarities of the eukaryotic design of the 

transcription initiation can improve our interpretation of the experimental data 

and provide possible explanation as to why such design is optimal. In Chapter 

5, we further study the effect of the transcription initiation design on the noise 

in mRNA levels. 

Finally, in Chapter 4 we test if the model of eukaryotic transcription extended 

to mRNA level describes data obtained for a nuclear receptor regulated gene. 

The model parameterized by fitting to an experimental dataset is shown to be 

predictive for additional perturbation. 

We conclude this thesis with a General Discussion in which we discuss the 

main findings in the context of current literature and examine possible 

implications. 
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