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Chapter 6 
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6.1 Résumé (an abridged version in case the reader was too 

pressed for time to read the thesis) 

In the work presented here we set out to investigate the dynamics of 

transcription, in particular, when it concerns eukaryotes from a number of 

different perspectives. Here we first provide the summary of our main findings. 

Subsequently we discuss possible implications of our findings for systems and 

cell biology in more general terms. 

We have investigated the design of the transcriptional networks in their 

potentially most interesting incarnation: in development and adaptation. We 

were less concerned with the mechanistic details than with the overall 

interaction scheme that drives large scale processes in the cell. Based on the 

literature evidence from different species and systems we postulate that in 

development of differentiated tissues, the system evolves through a series of 

phases, each phase being characterized by the completion of a certain 

physiological task that requires a specific set of expressed proteins. We also 

show that these systems can be delineated into a set of interacting sub-networks 

that generate temporal pulses of expression through negative feedback from 

either already functioning or next-in-line phase generating networks. The main 

asset of the phased networks framework is that it can aid elucidating the wiring 

of differentiation and adaptation networks by looking at relevant physiological 

stages and corresponding molecular networks, rather than at an overlay of 

these, which results from experimental static network snapshots (Galvao et al., 

2010; Xia et al., 2006).  

We further zoomed in to a more detailed level to investigate if the peculiarities 

of the eukaryotic mRNA metabolism have significant implications for mRNA 

dynamics.  Based on the available biochemical data and mechanism-efficiency 

considerations we formulated a cyclic multi-step progressive promoter-

stamping mechanism for eukaryotic gene regulation. We showed that 

parameterizing our progressive promoter stamping model with the measured 

protein dwell times on chromatin is consistent with the timescales of promoter 

and mRNA dynamics observed experimentally. Under certain conditions this 

model can lead to observations of oscillatory changes in the promoter state 

(histone modification, protein binding) at the cell population level; by the 

virtue of its design the promoter-stamping model predicts discontinuous 

mRNA production, or bursts. These model predictions are consistent with 
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many experimental observations on the cell population (transient oscillations) 

and single cell level (bursts).  

By extending this promoter-stamping model to the mRNA level we created a 

model of mRNA metabolism that takes into account the multi-step nature of 

downstream processes such as elongation and degradation. The latter is also 

consistent with the observations of the mRNA oscillations found 

experimentally and delays frequently observed in mRNA induction and 

degradation studies. Moreover, we designed experiments to measure the 

dynamics of different mRNA species of a NR-regulated gene as a test model 

case. We demonstrated that this model was capable of describing in-house 

produced data of mRNA induction better than the more simplistic models 

typically used in literature. The model is predictive for the perturbations 

applied to the system and shows the potential value of this approach for 

identifying sites of perturbation.  

Our main contribution is the creation of an integrative model that looks at 

multiple aspects of mRNA metabolism and promoter architecture. It is 

sufficiently generic to be used at the level of mRNA measurements only and 

estimate the contributions of all the processes at that level to the overall timing 

of RNA metabolism.  Given the sufficient measurements our integrative model 

can also be used to investigate in detail the contributions of single TFs and 

histone modifications to the steady-state average, distribution and response 

time properties of mRNA concentration. Other existing models of promoter 

cycling are either too abstract to be connected to molecular events and not 

driven by experimentally measured times (Lemaire et al., 2006), or tailored to a 

specific measurement on a given promoter (Kim and O'Shea, 2008).They 

typically do not take the mRNA production into consideration either. Our 

findings emphasize the importance of time-resolved measurements in attempts 

both to establish the mechanisms of transcription and to identify the parameters 

that are most relevant for the dynamics of mRNA concentrations. 

We also investigated the effects of the design of eukaryotic transcription 

initiation on the noise in the mRNA concentration at steady state. We found 

that due to the necessarily bursty production mechanisms the mRNA levels are 

always more variable than they would have been in the case of continuous 

production. The multi-step design of the progressive promoter stamping cycle 

is likely to reduce the noise, as compared to a single step promoter cycle which 

is the more typical case in prokaryotic systems. To discriminate between the 
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single step- and multi-step (and between the corresponding exponential time 

and non-exponential waiting times for promoter switching) it is, however, 

necessary to perform time-resolved measurements of mRNA production. Such 

measurements have recently been accomplished by monitoring time-resolved 

bioluminescence in single cells expressing a short-lived luciferase protein 

encoded by an unstable mRNA (Suter et al., 2011). In agreement with the 

predictions of our progressive promoter stamping model, these experiments 

showed peaked distributions for the promoter off times, which cannot be 

successfully described by a single step transitions (Harper et al., 2011; Suter et 

al., 2011).  

6.2 Implications for modeling: a model is always wrong, but 

some models are more wrong than others 

The new general formulation provided by our integrative model could impact 

the interpretation of transcription-focused experimental data and the 

determination of parameter values from such data.  It could also help in 

integrating transcription models into models of larger networks of cell 

function. 

First, we have shown that using incorrect model structure can result in 

erroneous estimation of the parameters. For instance, fitting time courses of the 

mRNA degradation data is traditionally done using a single exponential decay 

(Ross, 1995). Our data as well as many other datasets from the literature show 

a substantial (in the order of 30-120 min) lag between the addition of the 

inhibitor of transcription and the start of the decrease in mRNA level (Lang-

Carter and Malkinson, 1991; Quintela et al., 1997; Wang et al., 2006; Wang et 

al., 1997). The mechanistic explanation is that if an inhibitor only affects the 

RNA polymerases at the start of the gene, the continued supply of mRNA 

coming from the elongating polymerases keeps the mRNA level constant. 

Taking this into account in the model allows estimating the elongation time as 

well as the mRNA half-life. Ignoring this, on the other hand, can lead to the 

underestimation of the degradation rate constant. Similarly, we demonstrate 

that the model structure used to fit the mRNA metabolism parameters to the 

steady state mRNA distribution has considerable impact on the resulting 

parameters. For instance, depending on whether a single step or multi-step 

exponential promoter cycle mechanism is used for fitting experimental steady 
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state mRNA distribution, the estimated average mRNA burst size and percent 

of time promoter spends in on state can vary 4- 10 times.  

Using explicit mechanistic transcription network models is likely to have an 

impact on the dynamics predicted by these models.  When constructing 

transcription network models for eukaryotes or prokaryotes, introduction of 

delays between the gene activation/inhibition events is often necessary to 

produce the desired dynamics (Gjuvsland et al., 2007; Madar et al., 2011; 

Widder et al., 2007). This is typically achieved by assuming switch-like 

behavior of the promoter and introducing high order Hill functions that 

represent strong cooperativity of the transcription factor. Our findings in 

Chapter 4 suggest that such delays may naturally result from the time that is 

required for the promoter to reach its activated state and for the mRNA to be 

produced via elongation/maturation, and even more so if the protein-chain 

elongation time is taken into account. For a three transcription factor network 

Figure 6.1 shows the difference between the dynamics when the single-step 

and when the multi-step mechanisms of mRNA production are used. Pulses 

(defined as transient peaks) in the level of the first two proteins are observed in 

both types of models, but particularly for the first protein the pulse is much 

more acute in the case of the multistep promoter activation model (compare 

Fig. 6.1A, blue curve with Fig. 6.1B blue curve).. In both mechanisms, the 

delay in the production of the second and third proteins gives time for 

accumulation of the first protein before inhibition of its synthesis by the 3
rd

 

protein sets in leading to its net degradation. 

Another example of the influence of a multi-step mechanism is observed in the 

stochastic model of the yeast cell cycle.  Considerable variance in cell cycle 

duration and size at division between individual cells is observed 

experimentally (Shields, 1977). This can be reproduced well by taking into 

account the stochastic nature of production and degradation of cell cycle 

regulating proteins and their mRNAs (Kar et al., 2009). However, the first 

model that used single step mRNA degradation kinetics required much faster 

degradation times than have been measured experimentally; otherwise the 

noise in cycle duration was too high.  Further inclusion of the multi-step 

mechanism that corresponds to 5’ end progressive removal of the messenger’s 

polyA tail gave experimentally observed cell cycle duration variance when 

using measured mRNA half-life times (Csikasz-Nagy and Mura, 2010). It is, of 

course, possible that other mechanisms are responsible for observed noise 

reduction, so these inferences should be treated with caution. 
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Figure 6.1: Comparison of dynamics with and without explicit modeling of 

mRNA metabolism. A simple network of three TFs was considered: TF1 (in blue) 

activates TF2 (in red), which in turn activates TF3 (in yellow), which finally inhibits 

TF1 (A, inset). The system was modeled in two different ways, i.e. (A) using single 

step promoter activation, deactivation, initiation and degradation reactions for mRNA 

metabolism and (B) with multi-step promoter cycles for each TF (10 activation steps, 

3 regulated by relevant  TF, 5 deactivation steps) and elongation (15 steps with equal 

kinetic constants) and single-step initiation and degradation (B). In both models the 

overall promoter activation time was 40 min, the deactivation time 20 min, the 

initiation time 1 min, the elongation time 50 min, the degradation time 60 min. The 

activation and inhibition were modeled as linear functions of the TF concentration.  

 

From an exclusively modeling point of view, it may be of lesser importance if, 

for example, delays are introduced by using a Hill function or a delay 

differential equation or by explicitly modeling the gene activation cycle and 

elongation. However, when a model is intended to be used for 

predicting/designing experimental perturbations, it is important to know where 

these perturbations should be best applied, i.e. at the level of transcription 

factor activation, co-factor (chromatin modifier) or elongation factor.  And, of 

course, if the modeling serves the finding of how the transcription actually 

works, i.e. for truth finding, then the difference is essential. 

One point of view is that it is not necessary to include details that cannot be 

presently tested in the experiments. The other point of view is to include all 

known mechanistic details regardless of their value for the data exploration. 

Both points of view have their merits and drawbacks. A simplistic model may 

be able to reproduce the observed phenomena without having sound 

mechanistic bases (like the Turing model of pattern formation) (Turing, 1952). 
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The inclusion of too many details, on the other hand, may make the parameters 

of the model unidentifiable, which means it is possible to change them without 

affecting the behavior of the model. A possible compromise is to find the right 

level of coarse-graining. Such model should incorporate the basic properties 

and thus be amenable to further extension but not become so detailed as to 

make parameters unidentifiable. This may not always be easy as sometimes it 

is not possible to realize which properties of the model structure are necessary 

for the explanation. Indeed, a full mechanistic model may have to be created 

first and then subjected to model reduction that simplifies but preserves 

essential features. The general model of eukaryotic transcription presented in 

this work is an example of fair balance between simplicity and ability to 

represent basic mechanistic properties. It can be relatively easily expanded by 

including more mechanistic details, such as the kinetics of the transcription 

factor binding and chromatin modifiers activity in the promoter cycle if 

necessary. 

6.3 To model or not to model (or the devil is the details) 

Another important issue in systems biology is the choice between alternative 

approaches - one based on the in vitro measurement of model parameters or the 

other based on fitting the parameters to the in vivo system output behavior 

(Adamczyk et al., 2011; Jia et al., 2011). Both approaches have advantages as 

well as drawbacks. The in vitro measurements of, for example, enzymatic 

activity or protein association rate constants in principle guarantees accurate 

determination. The downside is that in order to obtain entirely correct 

parameters careful reproduction of the in vivo conditions in the in vitro assay is 

required (van Eunen et al., 2010), which may not always be possible, be it for 

technical reasons or for lack of knowledge of the cellular environment. The 

fitting approach circumvents this problem, but suffers from the issue of the 

parameters’ identifiability. Currently there is no analytic approach that ensures 

finding of a unique set of parameters for non-linear ODE systems even if 

sufficient experimental in vivo information were available (Ashyraliyev et al., 

2009). The identifiability theory developed in the field of engineering that 

allows determining a priori if the model parameters can be identified from a 

given measurement only applies to completely linear systems (Delforge, 1982), 

which are not only rare in biological applications, but also orthogonal to the 

very essence of systems biology; emergence depends on nonlinearity. 

Therefore, the only way to check the quality of a parameter fit is by performing 
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a posteriori analyses by perturbing the parameters found and determining the 

effect on the quality of the fit. Such analyses tend to show that while certain 

parameters maybe reasonably well defined the others can vary a lot without 

having any impact on the quality of the fit (Gutenkunst et al., 2007). The only 

way to improve this is to perform additional experiments that produce output 

that is more sensitive to the particular parameters.  This is rarely possible as we 

have limited possibilities of perturbing cellular processes specifically.  Even 

experiments with a specific anti-sense RNA will lead to secondary adaptation 

of the expression of multiple genes (Jackson and Linsley, 2010).  

Certain models, such as metabolic pathways are more amendable to in vitro 

measurement approaches while the others are less so. In particular, for 

modeling eukaryotic transcription at present it is problematic to use exclusively 

bottom-up modeling as there are very few reliable in vitro measurements and 

few established assays to perform such measurements. It is not clear if it is 

actually possible to develop reliable measurements for properties such as the 

TF-chromatin association rates or the mRNA degradation rates in vitro, 

apparently leaving the parameter estimation as the only feasible option. An 

example of these complications is given by the measurements of RNA 

polymerase II elongation rates. While the maximum elongation speed found in 

some assays is 3-4 kB/min (Darzacq et al., 2007; Singh and Padgett, 2009) it is 

not always indicative of the actual time it takes to transcribe the complete gene.  

This may be due to polymerase pausing. The average rate of the RNA 

Polymerase II catalyzed elongation of the transcript of the gene body is often 

several times slower than the maximum elongation rate quoted above, ranging 

from 0.4 to 1 kB/min (Darzacq et al., 2007), which is similar to what we find 

by fitting the time course data to the complete transcription model. If, 

depending on the number of pausing sequences in the gene the rates differ, a 

single measured value will not be useful. 

In principle, a coarse-grained transcription model can be formulated in 

completely linear terms, which should make the parameter estimation easier, 

provided that reality is close to the model. In practical terms we still found that 

for the non-zero initial conditions models it is not possible to apply a priori 

identification, that the model displayed behavior with multiple minima, and 

that some of the parameters were poorly definable. On the other hand, a recent 

analysis by Gutenkunst et al, 2010 showed that poorly defined or “sloppy” 

parameter estimations are common to biological models and that this situation 

often cannot be improved by larger amounts of data (Gutenkunst et al., 2007). 
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The authors suggested that experience shows it is still possible to apply the 

models for predictions using collective fits. We indeed find that the mRNA 

metabolism model with experimentally estimated parameters was predictive for 

perturbations such as mRNA synthesis and splicing inhibition and would allow 

determining the site of perturbation by refitting, despite the uncertainties in 

some of its parameters. This was due to the fact that in both cases the 

predictions were not sensitive to the sloppily fitted parameters. 

6.4 Implication for drug research, (or the tale of William Tell) 

Cellular differentiation is a fundamental process in development and 

maintenance of multi-cellular organisms. Its normal progression is required for 

tissue generation, regeneration, and for some tissues for their maintenance.  Its 

dysregulation can lead to cancer and degenerative diseases. Understanding of 

cellular differentiation might help finding cures against these ailments. One of 

the recent developments in the medical field is stem cell therapy (Strauer and 

Kornowski, 2003). It makes use of pluripotent cells found in adult organisms 

and embryos that can differentiate into relevant cell types to replace damaged 

tissues. Currently, only bone marrow (hematopoietic stem cell) transplantation 

is used in actual treatments.  Other applications are being developed that can 

potentially help with regeneration of bone (osteoporosis), cartilage (arthritis), 

muscle (muscle dystrophy), pancreatic beta-cells (diabetes type I) and even 

nerve tissues (injury, Alzheimer's, Huntington's disease) (Arvidson et al., 2011; 

Chen et al., 2006; Tedesco et al., 2010; Terenghi et al., 2009; Trucco, 2005). 

The success of these treatments ultimately hinges on the robust differentiation 

of stem cells into the desired cell type. Similarly, the pharmaceutical treatment 

of these and other diseases depends on our understanding of the difference 

between the normal and the diseased cells, and on how damaged tissues may 

regenerate.  

Major changes of the transcriptional networks are integral to cell 

differentiation.  This makes the study of the dynamics of transcriptional 

networks one of the foci of medically oriented research.  Our work may well 

have direct implications for drug research in this area. It shows that cell 

differentiation is likely to proceed in phases that differ in terms of the state of 

cellular networks. This phenomenon may cause misleading results if only the 

superposition of all the networks is observed by experimenting in 

unsynchronized cultures.  One may miss possibilities for intervention if only 
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the start and the end states of the process are considered.  Cells in different 

phases will respond differently to applied substances. For example, in human 

osteoblasts differentiated in vitro, the inhibition of (Smad-dependent) activin 

signaling only results in increased mineralization (final phenotype) in the later 

stage of differentiation (Eijken et al., 2007). A similar effect is found for 

Wnt/βcatenin signaling that promotes differentiation of mouse ES cells into 

cardiomyocytes at early stage, but inhibits it later (Ueno et al., 2007). 

Differentiating cell populations in vivo are likely to be highly heterogeneous in 

the absence of a synchronization mechanism.  Consequently, drug targeting 

may be effective only for a certain subpopulation of cells. Alternatively, if 

there is a synchronization mechanism, for example, if stem cells of the same 

stage are introduced with a bone implant, the population sensitivity will change 

in time, so that targeting should be limited to a certain time window. This again 

highlights the importance of time-resolved studies, also for drug target 

identification or the usage of smart drug cocktails. 

Our theoretical and experimental work on the mRNA metabolism model has 

shown that additional time-resolved measurement of different mRNA species 

together with an interpretation using relatively simple model approaches may 

help determine the site of the perturbation that leads to the observed changes in 

mRNA dynamics. If used on a larger scale the approach may prove useful for 

discovering the set of changes in transcriptional networks causing a disease 

condition. This approach gives additional information as compared to the 

standard one, which aims at only measuring the differences between the 

mRNA concentration in healthy and perturbed conditions. For instance, the 

new approach could show if changes in functionally important mRNA 

concentrations are caused by the perturbations of transcription or mRNA 

degradation and, under favorable conditions, even determine which of the 

promoter constants (activation, deactivation or initiation) was affected. The 

development of deep sequencing technology that allows measuring many 

species of RNA with high copy number precision in a single experiment can 

make this approach a routine one (Parkhomchuk et al., 2009). 

An important aspect of the drug research is choosing the target that enables one 

to affect the diseased tissue function without imperiling the function of the 

majority of healthy cells in the patient.  This target selection might be greatly 

aided by the use of quantitative modeling and specifically by applying control 

coefficient analysis to the models. The prevalent concepts of the presence of a 

single rate-limiting enzyme in a metabolic pathway or of an all-import 
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signaling molecule/transcription factor that controls, for example, cell 

differentiation and therefore constitutes the best target, have proven to be 

largely unsuccessful.  They have been formally disproved to be a general case 

by metabolic control analysis. It was shown that the control on functional 

properties such as flux through metabolic pathway (Groen et al., 1982), or 

metabolite or signaling protein concentration (Hornberg et al., 2005b), is 

distributed among all the enzymes (or proteins) involved in the 

metabolic/signaling network. The exact distribution depends on the structure 

and kinetic properties of the network. It can be obtained by applying control 

analysis to the ODE model by local perturbation of reaction activities (yielding 

control coefficients) or other parameters (yielding response coefficients), or by 

more substantial perturbations (quantified by response coefficients).. The 

reactions with the highest control and response coefficients are the mostly 

likely targets. For instance, analysis of the glycolysis model of Trypanosoma 

brucei showed that the glucose transporter has the highest control on the 

glucose flux, which has been confirmed experimentally (Bakker et al., 2000b). 

The same type of analysis can be applied to the temporal properties of the 

network, such as the duration of the activation of a certain protein in a 

signaling network. Such analysis in conjunction with experiments applied to 

the EGFR signaling pathway demonstrated that the protein phosphates are 

better targets than the kinases, as they have control both on signal duration and 

amplitude (Hornberg et al., 2005a). 

In this work we applied this approach to transcriptional networks. We showed, 

for instance, that the duration of phases of differentiation can be controlled 

both by the regulatory (phase generating) and functional network components 

and that, depending on the network design, they have different impacts on 

accelerating the process.  

The drawback of this approach is that it requires a fairly precise knowledge of 

the kinetic parameters, more precise than is currently available. In these cases 

the structural aspects of network design may still give a clue to what the best 

targets might be. For instance, the presence or absence of the feedback loop 

from the functional to the phase-generating network defines if their respective 

components have any control on the duration of the differentiation process. 

Another, more concrete example, is given by the promoter cycle regulation by 

transcription factors. Various TFs are known to regulate the on or off phase 

durations and the polymerase initiation rate. It is possible to calculate the 

impact of changes of a TF concentration in either of these network parts on the  
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Figure 6.2: Comparison of different possible modes of transcriptional rate by 

specific transcription factors (TFs). We considered a promoter cycle model from 

chapter 3 with nine irreversible transitions per cycle. We set all the regulator protein 

concentrations to 1500 copies/pL (kon 100 times below the diffusion limit; Keq =10
-9

 M 

corresponding to 50 min average cycling time, the deactivation time being around 5 

min). We then set the basal TF and RNA polymerase concentrations to 15000 

copies/pL (10 times higher than other proteins). The concentration of a single protein 

corresponding to a specific TF was then varied between 0 and 10 times higher than the 

proteins of the same category, and the effect on the transcription rate was calculated. 

TF was modeled to increase the promoter activation rate (blue), initiation rate (red) or 

the promoter deactivation rate (grey). 

 

mRNA concentration. It is clear that due to the nature of the transcription cycle 

the steps that have the most control are (1) the least abundant transcription 

factors, (2) the factors regulating initiation rate (they affect the size of the burst 

without lengthening the cycle), and (3) the factors involved in promoter 

deactivation. The latter is due to the fact that the off phase (at least in all 

measured cases so far) is considerably shorter than the on phase. Thus the 

impact of promoter deactivation factors on the size of the burst is always 
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considerably larger than on the duration of the cycle. From this perspective, it 

is interesting that in many cancers the chromatin modifying enzymes 

responsible for the first deactivation stages of the promoter cycle such as 

histone deacetylases (HDACs) are up-regulated, which results in low 

expression of the tumor suppressor genes (Bolden et al., 2006). Many of the 

current anti-cancer drugs target the HDACs, which many not be the optimal 

strategy because the more abundant HDACs are harder to inhibit in cancerous 

than in normal cells (Hornberg et al., 2005a). In view of this the enzymes that 

deposits histone marks attracting the HDACs, such as methylases (Ansari et al., 

2009), may make a better target. A much more detailed knowledge of the 

promoter regulation mechanism will be required, however, before a proper 

quantitative analysis determining the best drug targets becomes possible.  

6.5 The implication of the eukaryotic transcription design for 

function, (or why is my retina on the wrong side?) 

It is also instructive to investigate whether a particular design of a network or a 

particular regulation mechanism is advantageous for fulfilling the network’s 

function. Using models to explore the functionality of the design is one of the 

advantages of the systems biology approach. The examples include 

explanations of (i) the necessity of the compartmentalization of Trypanosoma 

metabolism by the peculiarities of their glycolysis network (that might 

otherwise explode metabolically) (Bakker et al., 2000a) and (ii) the design of 

E.coli chemotaxis signaling network, which minimizes the disturbance brought 

about by noise in protein copy numbers (Kollmann et al., 2005). On the other 

hand, living organisms are also products of evolution and certain structural 

aspects are dictated by their historical reasons rather than the functional 

advantage.  

An interesting question arises: is there any advantage in the particular kinetic 

properties of the transcription that eukaryotes organisms display. This turns out 

to be a rather controversial question: there are aspects of the design that can be 

advantageous but they may also be a by-product of the transcription being 

organized in a certain way for entirely different reasons.  For instance, the 

presence of delays in the induction/suppression dynamics due to long mRNA 

maturation times is simply the result of eukaryotes having relatively long 

genes, and may have no functional significance per se.  In yeast these delays 



  

316 

 

are relatively small as the genes are short, but they are more substantial in 

higher eukaryotes where most genes are much longer.   

The multi-step degradation mechanism of eukaryotic mRNAs, on the other 

hand, is likely to have functional significance. It can make the life-time of the 

mRNA molecule more precise as it ensures that it is not degraded immediately 

before protein translation can proceed, which would happen to a significant 

number of molecules if a single step mechanism were employed. In 

prokaryotes it is much less of an issue as translation occurs co-

transcriptionally. The first ORFs of polycistronic mRNA start being translated 

while the rest of the mRNA is still being transcribed. This makes the mRNA 

molecule’s functional life-time effectively longer and also more precise due to 

the multi-step nature of elongation. 

The precisely timed multi-step promoter cycle might be simply viewed as by-

product of the chromatin organization of the eukaryotic genome: it is necessary 

to remove nucleosomes from the promoter for the initiation to occur but also to 

restore the original state so as to avoid unregulated transcription. In this view, a 

simple one step removal of the nucleosome would be a feasible solution, too.  

Consequently, the complicated mechanism involving multiple covalent 

modifications may indeed have functional significance. As we have shown, a 

particular transcription initiation design that includes reversible protein 

complex formation and subsequent irreversible modification per transcription 

factor is necessary for effective regulation by a large number of transcription 

factors. This large number is a staple of the transcriptional regulation of multi-

cellular eukaryotes.  The presence of similar (although less intricate) 

mechanisms in unicellular eukaryotes such as yeast, where the number of 

transcription factors is smaller than in multicellular organisms (Tupler et al., 

2001) but perhaps larger than in prokaryotes, thereby requires an additional 

functional explanation. 

Another possible advantage of the multistep design is that it can under certain 

circumstances reduce the noise in the steady state mRNA levels as compared to 

the situation when the promoter activation/inactivation is accomplished with a 

smaller number of reactions involved. We showed that this should indeed be 

often the case especially in the promoter regimes where the off times are 

relatively short. The shorter off times indeed seem to be the most relevant for 

regulated eukaryotic genes (Suter et al., 2011; Zenklusen et al., 2008). As long 

as it is not dominated by pausing, the elongation process does not change the 
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distribution of the mature mRNA compared to nascent mRNA. The mRNA 

degradation mechanism, however, can have significant impact on the noise in 

the final distribution. Interestingly, the multi-step mechanism tends to increase 

the noise in the case of the bursty and decrease it in the case of the continuous 

mRNA production; with single step mechanisms the effects are opposite. It 

would be interesting to investigate if the continuously produced mRNA (for 

example, of house-keeping genes, which have been shown to be non-bursty in 

yeast (Zenklusen et al., 2008)) have a preferred 3’ polyA degradation 

mechanism as opposed to burstily produced mRNAs which should favor 5’cap 

degradation mechanisms.  

All of the conclusions that apply to the noise in mRNA concentrations 

should be interpreted with care because the actual functional impact, i.e. impact 

on the functioning of the organism, should be due to noise in protein, and, in 

fact, in the products of protein catalyzed pathways, and not in mRNA levels. 

The noise does not always propagate to the next level. If, for example, protein 

timescales are relatively slow compared to those mRNA, as they often are, 

noise at the mRNA level will be filtered out in the translation to the protein 

level. We shall consider the noise in a simple model with a gene switching 

between two single on and off states, mRNA being produced during the on 

state and protein being produced from mRNA; all reactions are first order 

(Fig. 6.3A) (Bar-Even et al., 2006; Bruggeman et al., 2009). The noise in 

protein levels consists of three terms: intrinsic noise in the protein; noise 

transferred from intrinsic noise in the mRNA and the noise transferred from the 

promoter switching: 

〈    〉

〈  〉
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          (     ) 

       (     )       
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 here τm and τp,  are mRNA and protein life-times, τc is an approximation of the 

promoter timescales (1/(kon+koff)) and  <δ
2
non>/<non>

2 
is the noise in the 

promoter on state. It is clear from the equation than that the efficiency of noise 

transfer from the promoter level to the protein level depends on the interplay 

between the timescales of the life times of the promoter, mRNA and protein: 

for infinitely stable proteins, the noise at the protein level should become 

Poissonian and determined by the number of protein molecules.  For very 

labile proteins and mRNA much less stable than the promoter state and large 

protein and mRNA molecule numbers, the noise at the protein level should 
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equal the inverse of the numbers of promoters in the active state.  Reality may 

be in between these extremes.  On average, protein life-times are longer than 

life times of their mRNA; for example, in a study of 5000 fibroblast mRNAs 

and corresponding proteins their lifetimes were 9h and 46h, respectively 

(Schwanhausser et al., 2011). The ranges were, however, from less than a 1h to 

up to 50 for mRNA, and up to 1000h for protein.  More importantly, all 

combinations of lifetimes (short-lived mRNA and protein, long-lived mRNA, 

short lived protein, etc.) were observed, although the category in which mRNA 

lived longer than the corresponding protein constituted only 7% of all 

measured genes. There are very few direct measurements of the gene switching 

times that do not provide a full picture. The best estimations suggest that the 

cycling times of switching genes lie in the range of several hours (Suter et al., 

2011)   

If we consider short lived mRNA and protein and long lived promoter states, so 

that the τm~ τp<< τo then the noise equation simplifies to:  
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indicating effective noise transfer from the promoter and mRNA levels to the 

protein level, especially if the number of protein molecules exceeds the number 

of mRNA molecules and the number of active promoters. Indeed, simulation of 

the model with relevant relative life-times (Fig. 6.3B) shows that protein has a 

geometric distribution closely resembling that of the mRNA (the full line), 

rather than the Poisson-like distribution around its own average that would be 

obtain in the absence of promoter switching (the dashed line). 

If we consider the case of a long lived mRNA but a short-lived protein, both as 

compared to the promoter life time, i.e. assuming τp<<τc<< τm, we obtain 
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This means there is transfer from the mRNA level but with the half-life of 

mRNA being longer than both the cycling and protein life-times, the transfer 

from the promoter level approaches zero. The protein distribution in this case 
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should be peaked and broader than the corresponding Poisson one if the 

number of mRNA molecules is smaller than the number of protein molecules 

(Fig. 6.3C). 

In the opposite situation with long lived protein but short-lived mRNA so that 

τm<<τc<< τp the noise expression gives: 
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In this case there is neither transfer from mRNA level nor from the promoter 

level. The same, holds true if mRNA has a longer half-life than the promoter. 

Thus with increasing protein life-times the protein distributions should 

approach the Poisson one (Fig. 6.3D,E) irrespective of the shape of the mRNA 

distribution. 

Summarizing, the only condition under which efficient transfer of the noise in 

the promoter activity occurs to the protein level is if both mRNA and protein 

life-times are shorter than those of the promoter cycling. This may not be true 

for many proteins, however as the group of proteins that have both short 

mRNA and protein half-lives is enriched in signaling proteins and transcription 

factors (Schwanhausser et al., 2011) it may well be of importance for noise in 

transcription and signal transduction.  Whether that noise then leads to noise at 

the functional level again depends on the life times at that level, which may 

again be slow.    

That this can be the case has also been confirmed experimentally in a few 

instances, In Bar-Even et al. (Bar-Even et al., 2006) the linear relationship 

between noise and the inverse mean protein level (Fano factor) <δ
2
np>/<np>

2
 = 

C/<np> was observed and they estimated the constant C to be about 1200, 

suggesting distributions very different from Poisson. This study considered 43 

proteins in Saccharomyces cerevisiae. High variability in signaling protein 

levels have also been found in eukaryotic signaling (Cohen-Saidon et al., 2009; 

Sigal et al., 2006).  However, the origin of the noise in these studies has not 

been definitively established (although evidence was presented that noise is of 

intrinsic origin (Bar-Even et al., 2006; Sigal et al., 2006)) nor were relevant 

timescales compared.  
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Figure 6.3: Transfer of the noise from the promoter switching to mRNA and 

protein levels depending on the relative mRNA and protein degradation time 

scales. A. The model of a gene switching between on and off, from which mRNA and 

subsequently protein are produced. The steady state distributions of the protein 

produced (full red line) are given in (B-E), the steady state distribution of the 

corresponding mRNA is given in their insets. The dashed red line shows the protein 
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distribution in a model with constant mRNA production and same 

production/degradation constants. For all the models the gene cycling time is 2 h with 

the on period at 20 min; gene switching and all other reactions are first order process 

with exponentially distributed waiting times. B. Model with mRNA and protein 

degradation times of 30 min (4 times faster than promoter cycle). C. Model with 

mRNA degradation time of 8 h (4 times slower than promoter cycle) and protein 

degradation time of 0.5 h (4 faster than promoter cycle). D. Model with mRNA 

degradation time of 0.5 h and protein degradation time of 4h. E. Model with both 

mRNA degradation time of 4 h and protein degradation time of 32 h (8 times slower 

than mRNA degradation time). Transcription and translation times were adjusted to 

give same steady state mRNA and protein levels in all models.  The full black line 

shows the Poisson distribution around the average 

 

This demonstrates that a high level of noise can occur in molecules with 

relatively high copy numbers if their production is regulated by noisy 

molecules (such as in case of promoter and protein) with long life times and 

with small noise frequencies. The investigation of the noise propagation in a 

synthetic genetic circuit in bacteria by Pedrazza & Van Oudenaarden (Pedraza 

and van Oudenaarden, 2005) showed that, depending on the exact kinetics, the 

noise transmitted from cascade upper levels could be the main contribution to 

the noise at the output level. 

In view of the existing evidence, it is possible that noisy gene transcription, 

which is likely to be higher in eukaryotes than in prokaryotes due to highly 

bursty initiation mechanisms, can have a significant impact on the functioning 

of some molecular networks. More evidence on the correlation between noise 

at the promoter, mRNA and protein level and proper accounting for the issue of 

noise filtering by slow life times at the protein level, is of great importance, 

however.  There are also other mechanisms than transcription noise that can be 

responsible for appreciable heterogeneity of protein concentrations over a 

population of cells. 

Molecular noise can be both a blessing and a curse for living organisms. On 

the one hand, it can be detrimental to function – in signaling it poses a limit to 

the transfer of information, to how much a cell or an organism can learn about 

its environment and consequently how accurately it can adapt. One 

fundamental limit to information transfer derives from diffusion noise in the 

input of signaling pathways (Berg and Purcell, 1977; Bialek and Setayeshgar, 
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2005): if the input signal is the concentration of some molecule (a ligand or a 

transcription factor, etc) the number of complexes formed (receptor-ligand-

complex, promoter-TF-complex) inevitably fluctuates over time and the 

minimum fractional accuracy with which a cell can determine this number is 

proportional to the square root of the number of receptors and the time over 

which complex formation is monitored. Such fluctuations in receptor 

occupancy on the cell surface have been measured experimentally for the EGF 

receptor (Sako et al., 2000) as well as a chemotaxis receptor in Dictyostelium 

(Ueda et al., 2001). The concentrations of the downstream signaling pathway 

components can be heterogeneous in a cell population due to very slow noise 

extending over the cell cycle time (Cohen-Saidon et al., 2009; Colman-Lerner 

et al., 2005) and can fluctuate over time within a single cell (Sigal et al., 2006). 

It then depends on the architecture of the signaling network as to how much 

such component level fluctuations affect the signaling output.  

One mechanism by which these negative effects can be avoided is by fold-

change-detection which has been found experimentally for the EGF/ERK2 

pathway (Cohen-Saidon et al., 2009) as well as the Wnt/βcatenin pathway 

(Goentoro and Kirschner, 2009). Since the output of such signaling pathways 

consists of the relative difference of the concentration of a protein before and 

after the signal, the mechanism can buffer fluctuations in protein levels and 

allow precise signaling in the presence of noise. 

On the other hand, organisms can use noise to their advantage. High variability 

in certain protein levels can be advantageous for survival of unicellular 

organism population in fluctuating environments. Such stochastic 

heterogeneity and periodic switching pay off if the environment changes are 

faster than the response time of adaptive systems or are very rare so that 

maintaining a sensory system does not pay off (Leibler and Kussell, 2010; 

Thattai and van Oudenaarden, 2004). Experimentally the effects of switching 

on population fitness were tested with a synthetic genetic switch in S. 

cerevisiae with experimentally tunable switching rates. The two 

subpopulations resulting from the bistable switch were designed to have 

growth advantages under different conditions (Acar et al., 2008). These 

experiments showed that population growth rate is optimal when the rates of 

transition between the two stable states are tuned to the rates of environmental 

change.  

Heterogeneity in cell population created by transcriptional noise can also come 



  

323 

 

useful in cell differentiation and development of multicellular mechanisms. 

Mouse embryonic stem cells display a bimodal distribution of the transcription 

factor Nanog, with the cells in the low Nanog state being predisposed for 

differentiation. Cells can switch between the high and low expression states, so 

that at any time a certain fraction of cells is poised for differentiation while 

without external cues all cells remain pluripotent. The bimodal distribution of 

Nanog is consistent with a core regulatory circuit between Nanog and Oct4 

involving both positive and negative feedback (Isaacs et al., 2003). A similar 

observation, that fluctuations in the level of a transcription factor can make 

subpopulations more prone to further differentiation without yet committing 

them to the differentiated cell fate, has been made in haematopoietic progenitor 

cells for the factor Sca1 (Chang et al., 2008). A purely stochastic mechanism of 

cell fate decision has been proposed for the early development of mouse 

embryo, where stochastic decisions on a cellular level lead to differentiation 

into three different cell types in a mosaic pattern, followed by cell 

sorting/migration to establish a defined spatial pattern (Dietrich and Hiiragi, 

2007).  

While existing evidence strongly suggests that specific aspects of eukaryotic 

transcription mechanisms lead to higher noise levels (Raj and van 

Oudenaarden, 2008), its exact functional impact is less clear so far. All of the 

discussed mechanisms that compensate for or take advantage of the 

transcriptional noise are found in prokaryotes as well (Beaumont et al., 2009; 

Kollmann et al., 2005; Schultz et al., 2007).  Overall, most of the studies 

related to noise in eukaryotic cells have been performed on the mRNA levels.  

As we discussed, the noise transfer on the protein level only occurs under 

certain circumstances so the functional significance of these results should be 

treated with caution. Moreover, the importance of the noise observed at protein 

levels depends on whether it actually has the effect on the network function. 

This has been demonstrated for a number of cases in eukaryotic cells but 

certainly not for all of the proteins with measured noise. Finally, an additional 

characteristic of noise, i.e. the time spectrum of the noise, which may facilitate 

discovering new regulatory relationships (Austin et al., 2006), has rarely been 

accounted for experimentally. Further investigation is required to establish the 

functional relevance of the noise in eukaryotic promoter switching. 
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6.6 Cycles and phases, (or a little meditation on the nature of 

life and death) 

Living organisms are open systems that exist in a state that is far from 

thermodynamic equilibrium. Like certain chemical and physical systems they 

are able to lower the entropy inside themselves at the expense of the 

environment. Unlike the simpler non-equilibrium systems, however, they are 

capable of self-sustenance. They are able to actively renew their components 

and adapt to environmental changes in order to preserve their status quo. In 

other words, organisms are in a state of constant deviation from their previous 

 

Figure 6.4: The scale of dynamic processes in living systems. The examples of 

cyclic processes are given above the time grid, and of unidirectional processes below 

it. The references from which the durations of the processes were taken are presented 

in Table 6.1. 

 

state and manage to return to their average stable state. This obviously has 

serious implications for the components and structure of molecular networks in 

living cells. 

One such constraint is the necessity to recycle the various components of the 

cell. Before a protein molecule is replaced, the corresponding enzyme is 

capable of catalyzing many substrate conversions by binding, transforming and 

releasing molecules, i.e. they go through an enzymatic cycle. Similarly, a 

protein in a signaling chain is re-used multiple times: it is phosphorylated when 

ligand is detected but the modification is removed afterwards leading to a 
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phosphorylation cycle. The promoter cycle that we have studied in depth falls 

into the same category, as the promoter site is activated and re-activated 

multiple times (In fact, together with DNA the promoter has a much longer life 

time than the other molecules). Molecular networks themselves must often go 

through cyclic changes in order for the living cell to respond to the 

environmental changes and to maintain or reproduce itself. A network with an 

explicitly cyclic function is given by a circadian oscillator (Reppert and 

Weaver, 2002). Other signaling and metabolic pathways are capable of 

generating oscillatory dynamics due to the presence of negative feedbacks with 

delays but the functional significance of these phenomena is often open to 

speculation (Nelson et al., 2004; Tian et al., 2011). The changes of the cellular 

states that occur during the cell cycle provide yet another instance of cyclic 

changes. On an even higher level, a famous jelly fish Turritopsis nutricula 

gives an example of a multi-cellular equivalent of the cell cycle. The organism 

“cheats” death by acquiring an ability to transform back and forth between 

polyp and medusa stages (Carla et al., 2003). An overview of these processes 

and their timescales are given in Fig. 6.4. All of these phenomena have 

underlying cyclic (or oscillatory) dynamics.  Mechanisms by which the latter 

arise are quite different between them.  

For the promoter (as well as enzymatic and phosphorylation) cycle the effect is 

based on the reuse of the scaffold molecule (DNA) that cycles through 

different states. The macroscopic oscillations observed in promoter cycling 

results from temporary synchrony between the cells if the cycle is forced to 

start at the same time. These inevitably dampen in time as the cells 

desynchronize due to noise in the cycling period, unless an active 

synchronization mechanism is present.  

Another type of oscillations is caused by the presence of negative or positive 

feedback in the network. Such is the case of the NF-κB signaling where 

activation of the signaling pathway leads to translocation of the TF into the 

nucleus and subsequent production of its own inhibitor. The damped 

oscillations in the TF position are observed in single cells but are not detected 

at the population level because the period is too noisy and the cells 

desynchronize too fast (Nelson et al., 2004). 

 A counter example to single cell only oscillations is given by the circadian 

oscillator which while being driven by transcriptional feedbacks as well, has a 

fairly precise period. This may be explained by a more robust design of the  



  

326 

 

process timescale reference 

Enzymatic cycle (Daniel et al., 2003; Hammes-Schiffer 

and Benkovic, 2006) 

Phosphorylation cycle (Hornberg et al., 2005b; Wolf et al., 

2007) 

Promoter cycle (Métivier et al., 2003; Suter et al., 

2011) 

Cell cycle (Shields et al., 1978) 

Circadian rhythm (Reppert and Weaver, 2002) 

Life cycle (Klekowski, 1967) 

Seasonal rhythm (Vidal et al., 2009) 

Metabolite half-life (Holzhutter, 2004; Teusink et al., 

2000) 

mRNA half-life (Schwanhausser et al., 2011; Sharova 

et al., 2009) 

Protein half-life (Eden et al., 2011; Schwanhausser et 

al., 2011) 

Terminal differentiation (Eijken et al., 2006; Riederer et al., 

2012) 

Organism lifespan (Kirkwood, 1992) 

Ecosystem lifespan (Walker et al., 2010) 

 

Table 6.1. References used for creating Figure 6.4. 

network and the external synchronization by an external synchronizer, i.e. the 

light-dark cycle (Bagheri et al., 2008; Mihalcescu et al., 2004). A rare example 

of oscillations that are actively synchronized between cells are glycolytic 

oscillations in yeast.  These arise by a network mechanism that involves the 

allosteric inhibition enzyme PFK by ATP which is also both substrate and 

product of the downstream reactions, as well as coupled changes in redox state 

(Reijenga et al., 2005). The synchronization occurs through intracellular 
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communication by the diffusible metabolite acetaldehyde (Richard et al., 

1994). 

Finally, large scale network phenomena such as the cell cycle can in principle 

be modeled as a limit cycle oscillator based on negative feedback, but it is 

perhaps more correct to think of it as a domino-like sequence of irreversible 

transitions from one checkpoint to another (Tyson and Novak, 2001). It is then, 

in the essence, a sequence of stable states with irreversible transitions (DNA 

doubling, growth, division) between them that unlike those in differentiation 

happen to have a cyclic diagram (except for the doubling of the cell number). 

Interestingly, like for all other processes based on physical chemistry the 

period of the cell cycle is a stochastic variable (Shields, 1977). The 

heterogeneity between individual cells, itself caused by noise of the type 

discussed above, is likely to affect the progression through the cell cycle.  This 

explains why cells initially forced to start the cell cycle at the same time will 

desynchronize over time. 

A significant proportion of reactions happening in the cell are 

thermodynamically irreversible. Irreversible reactions lead to an overall 

production of entropy and have a very low probability of the reverse reaction 

occurring. An example of such process is the addition of phosphate to a 

signaling protein residue. Living cells found a way to make irreversible 

processes revertible by adding complementary irreversible reactions such as 

the phosphatase reaction that removes the phosphorylation brought about by a 

kinase. This creates the cyclic process discussed in the previous paragraphs. 

Other processes in living systems are indeed irrevertible, and molecules and 

network involved in them do not have the property of returning to the same 

state iteratively.  Indeed, other processes in the cell do not have the property of 

returning to the same state iteratively. Most of the molecules (metabolite, 

proteins, mRNAs) in the cell have a limited life-span, their synthesis and 

degradation being unidirectional irreversible processes. Similarly, some of the 

larger network transitions such as those that occur in terminal cell 

differentiation are in principle irreversible one time transitions. In some cases, 

they are truly irrevertible (as in cases of erythrocytes that lose their nuclei).  

But in other cases they are revertible due to the presence of a different process 

operating in the reverse direction.  The processes are then revertible under 

some but not under all conditions. This seems to be the case with many cell 

types that can lose their differentiated state in disease or by artificial 

manipulation (Haynes and Silver, 2011; Schneider et al., 1994). In any case 
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due to the loss of the reproductive potential by most cells in adults, 

development becomes irrevertible and ultimately results in death (with notable 

exception of Turritopsis nutricula (Carla et al., 2003)). 

 

The rich pallet of dynamic processes in living systems once again stresses the 

absolute necessity of studying cellular behaviour as a function of time. 

Moreover, the effects of noise that lead to cellular heterogeneity suggest that 

measurement of molecular distributions in cell populations rather than just their 

average may often be required for a more definitive understanding of 

molecular networks and ultimately for devising manipulation strategies. 

Ideally, we would like to be able to observe all the dimensions of a biological 

system (gene, mRNA and protein concentrations) at the single cell level in 

time. Despite the progress in the field of single cell measurements, this remains 

a distant goal and presents a great challenge both to experimental technology 

and to modelling frameworks. 
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