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Abstract. The distribution of mutational e ects on fitness (DMEF) is of fun-
damental importance for many questions in biology. Previously, wet-lab experi-
ments and population genetic methods have been used to infer the sizes of e ects
of mutations. Both approaches have important limitations. Here we propose a new
framework for estimating the DMEF by constructing fitness correlates in molec-
ular systems biology models. This new framework can complement the other
approaches in estimating small e ects on fitness. We present a notation for the
various DMEs that can be present in a molecular systems biology model. Then
we apply this new framework to a simple circadian clock model and estimate var-
ious DMEs in that system. Circadian clocks are responsible for the daily rhythms
of activity in a wide range of organisms. Mutations in the corresponding genes
can have large e ects on fitness by changing survival or fecundity. We define
potential fitness correlates, describe methods for automatically measuring them
from simulations and implement a simple clock using the Gillespie stochastic
simulation algorithm within StochKit. We determine what fraction of examined
mutations with small e ects on the rates of the reactions involved in this system
are advantageous or deleterious for emerging features of the system like a fitness
correlate, cycle length and cycle amplitude. We find that the DME can depend on
the wild type reference used in its construction. Analyzing many models with our
new approach will open up a third source of information about the distribution of
mutational e ects, one of the fundamental quantities that shape life.

1 Introduction

Evolutionary theory has been very successful in predicting the fate of mutations in
various settings, assuming that the mutational e ect on fitness is known. Determining
the actual e ects of mutations is di cult. While many biological wet-lab experiments
have been conducted with the aim of determining the e ects of new mutations, these
have been particularly successful for mutations with large e ects, as experimental noise
obscures small e ects [1].

This is unfortunate, as the evolutionary fate of mutations with big e ects on fitness is
rather simple to understand: many advantageous ones become fixed in the population,
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so that in some future generation all individuals will have inherited a copy, while dele-
terious (harmful) ones are removed rather quickly. The most interesting questions are
currently posed by mutations of “small”, but not “too small” e ects on fitness. Here the
di erence between “small” and “too small” depends on a threshold set by the e ective
population size, where mutations in the “too small” category are behaving as if they had
no e ect on fitness and thus exhibit simple neutral dynamics. Since all organisms have a
genome with a large number of opportunities to mutate in di erent ways, it has become
custom to summarise these possibilities in the form of a distribution of mutational ef-
fects on fitness (DMEF), which associates a frequency of the occurrence of mutational
changes with each mutational e ect and abstracts the various molecular causes that de-
termine the size of that e ect. Various evolutionary theories make varying assumptions
about this distribution [1] and their quality as a predictive tool often depends on the
underlying DMEF . These theories are important for understanding the evolution of ge-
nomic sequences and thus play a crucial role in e orts to interpret the sequence of the
human genome [1]. Because of the paramount importance of DMEFs, recent work in
population genetics has started to estimate DMEFs directly from sequence data [1,2].
Such methods are not limited by the lack of sensitivity seen in wet-lab experiments, as
they exploit the sensitivity of the evolutionary process on DMEFs to infer the location
and shape of a given type of DMEF in systems that evolve according to well understood
forces. The drawbacks include:
Limited mechanistic details. Current population genetic estimates of DMEFs from

DNA sequence data are descriptions of observations that lack a rigorous underpin-
ning in the form of a mechanistic model of mutational e ects. There is little infor-
mation for distinguishing various types of distributions (e.g. gamma, lognormal),
once certain broad criteria are met.

Limited applicability. Each distribution is only a snapshot of a specific DMEF for
a specific organism. While comparing such snapshots helps to ascertain common
features of DMEFs, such descriptive results do not help with further explorations.

Sensitive to evolutionary process. All methods that estimate DMEFs from DNA se-
quence data require a set of assumptions about the evolutionary process that led
to the sample of DNA sequences used for the inference. These assumptions can
be di cult to test and may cast doubts on estimates of a DMEF . Since several
evolutionary processes can lead to similar features in a set of sequences, it can be
challenging to disentangle their e ects from those of the underlying DMEF [3].

In this paper we propose a third approach to the study of distributions of mutational
e ects on fitness, besides the direct experiments and the population genetical methods
mentioned above. Our main contribution is to describe the approach and to demonstrate
how it works in principle in a simple circadian clock model. We suggest that molecular
systems biological models can be used to obtain much of the evolutionary interesting
properties of a DMEF for a particular limited model system. Combining the in silico
experimental techniques of molecular systems biology with knowledge of the study
system from the wet-lab experiments allows the following improvements:
More mechanistic details.Molecular systems biology allows the construction of rig-

orous mechanistic models of biological systems that maintain a close link to bi-
ological reality. This reduces errors in estimates that are caused by biologically
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misleading abstractions. In addition, such computational models allow the further
exploration of parameter space at the low cost of simulations as opposed to the
often prohibitive costs or di culties of performing equivalent wet-lab experiments.

Precision. The precise control over every aspect of a model that comes with in silico
models makes it possible in principle to compute emerging properties with a very
high degree of precision. Depending on the stochastic nature and computational
complexity of the model, it may still be too costly for some models to achieve the
level of precision that some evolutionary questions require. However, we anticipate
that many useful models can be analysed without such problems. In addition, ad-
vances that reduce the cost of computing and improve the speed of algorithms can
be translated into increasingly precise estimates of DMEFs.

To demonstrate the feasibility of our new approach we deliberately choose a simple
model to make it easier to focus on the fundamental challenges that arise from this new
perspective. Such challenges include (i) the construction of computable fitness corre-
lates that can be used as surrogates for biological fitness in the wild, (ii) the accuracy
with which such fitness correlates need to be (and can be) computed and (iii) funda-
mental biological questions about distributions of mutational e ects. For example, how
often will a change of an underlying reaction rate improve or degrade overall function-
ality? Will the relative size of e ects on the emerging properties of the system be larger
or smaller than the relative size of mutational e ects on reaction rates?

Results demonstrate that our new approach can be used in principle to infer inter-
esting properties of distributions of mutational e ects, where details strongly depend
on the model under focus. The rest of the paper is structured as follows. In Section 2
we present some background on key ideas from evolutionary biology which we will
use in the remainder of the paper. Section 3 outlines our framework for taking a sys-
tems biology approach to the study of the distribution of mutational e ects. The model
we consider in this paper is presented in Section 4 whilst its analysis is described in
Section 5. A discussion of the results is given in Section 6 and conclusions in Section 7.

2 Background

Instead of obtaining DMEFs directly, our basic strategy is to (i) build a mechanistic
model of how the phenotype changes depending on lower level changes in reaction
rates that are ultimately caused by DNA changes, (ii) define a function that computes
fitness from the phenotype and (iii) use random perturbations together with (i) and (ii)
to determine the DMEF . While some commonly used models in quantitative genetics
also compute a phenotype as an intermediate step towards computing the distribution of
mutational e ects [4], the approach presented here can include much more mechanistic
detail by building on molecular systems biological data. DMEFs can be used to quantify
robustness. Understanding robustness [5] is important for drug design [6].

2.1 A Nomenclature of Distributions of Mutational E ects (DMEs)

In this subsection we explain precisely what we mean by distributions of mutational
ee ects. This is necessary to avoid confusion when discussing the various distributions.
We consider each of the terms in turn (for examples, see Figures 8 9):
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E ects. The ee ects are the changes in the emerging high-level systemic property under
focus in the investigated system. DMEY is used to denote a DME of the emergent
system property Y. All Y are high-level properties, so a superscript is used.

We denote DMEs that describe the e ects on fitness in the wild by DMEF , where
the fitness can be easily linked to a trait like survival rate or fecundity that can be
observed in its natural environment. In the more limited example of our circadian
clock DMEL describes variations in the length of a cycle and DMEA variations in
the amplitude of the oscillations. EE ects are changes in phenotype properties.

Mutations. The mutations are low-level genotype changes that perturb the wild type
reference system and cause phenotypic e ects to change. At the lowest level muta-
tions are DNA changes. In the absence of a mechanistic model for predicting enzy-
matic reaction rates from DNA, mutations can also be introduced as reaction rate
changes, as the mechanistic chain of causality that links DNA changes and fitness
changes must pass through the corresponding reaction rates at some point. DMXE
is used to denote the genotypic perturbations that are introduced into property X to
measure a DME. All X are low-level properties, so a subscript is used.

Ifmutations are a representative sample of naturally occurringDNA changes, we
omit X, as this is the most natural and most important DME. In the more limited
example of our circadian clock we can only change the reaction rates listed in
Table 2. For example DMvdEL denotes the distribution of mutational changes in
protein degradation rate vd that have ethat have e ects on the length of clock cycles L.

Distribution sign. One may want to focus only on increases or decreases of the values
of a DME. For example, advantageous mutations in the DNA that increase fitness
could be analyzed separately from survival compromising mutations that decrease
fitness. Here we denote an increase and decrease with the additional letter ‘I’ and
‘D’, respectively. If these occur in a high-level emerging property of the system, the
letters are superscript, if in low-level mutational changes, the letters are subscript.
Specifying nothing is equivalent to ‘DI’.

Thus a distribution of increasing mutational changes in protein production rate
ks that have only decreasing ethat have only decreasing e ects on fitness is denoted by DD

I MksEF.

If we wish to be very general, we simply specify DME. If we want to be more specific,
we include the additional information according to the notation introduced above. Since
all DMEs describe how the emergent properties of complex systems change in response
to changes in lower level components, some generalities may emerge from their study.

2.2 Fitness and Selection Coe cients

Fitness is the highest level function of any biological system. As such it is di cult
to define rigorously [7]. Fitness correlates have been used successfully in the study of
life-history evolution [8]. We propose that it is possible to define meaningful fitness cor-
relates that are computable from molecular systems biological models. For simplicity,
we will assume that W, the absolute fitness in the wild, can be estimated by observing
a high level organismic fitness correlate in wet-lab experiments and that this is propor-
tional to the fitness correlate F that we compute in silico. Thus we can define:

FM FWT (1 s)
WM

WWT
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where the subscripts M and WT denote the mutant and the wild type. Here the wild
type is considered to be relatively ’mutation free’ and s is the selection coe cient,
commonly used in population genetics to denote the e ects of a mutation on fitness.
Using this approach we can compute DMEs for F and any emerging property of our
model if we specify an underlying distribution of how reaction rates are a ected by
DNA changes. Expressing our results as s allows direct comparison with population
genetics results.

2.3 Circadian Clocks

Circadian clocks are the internal molecular clocks that govern large parts of the molec-
ular machinery of life. They frequently have a huge impact on the behaviour of organ-
isms. They are responsible for waking us up in the morning and they make us feel tired
in the evening. Such clocks are of paramount importance for the vast majority of or-
ganisms from Cyanobacteria [9] through fruitflies to humans [10]. Much recent work
has focused on elucidating the various molecular components that perform the chemical
reactions that oscillate with a daily rhythm. This has resulted in a series of models with
increasing numbers of interlocking feedback loops [11]. In this paper we focus on one
of the simplest models for a circadian clock that exists. This decision is motivated by a
desire to focus the reader’s attention on the basic principles of our new approach and on
fundamental aspects of observing DMEs in clocks. We also wanted to apply our new
approach to simple systems first to collect experience before analyzing complex ones.

3 Evolutionary Systems Biology

Evolutionary genetics and molecular biology have both been very successful in further-
ing our understanding of the natural world. However, after decades of research some
familiar simplifying assumptions are now reaching their limits and evolutionary biolo-
gists are getting increasingly interested in the molecular details of their systems. At the
same time molecular biologists progressively recognize the merit of quantitative mod-
elling. Growing genomics and systems biology datasets provide a strong motivation
for exploring realistic models at the interface (e.g. [12]). Increasingly detailed models
of intracellular processes could help understand evolution by deriving DMEFs ab ini-
tio by computing fitness correlates. Below we define one possible fitness correlate for
circadian clocks. The following procedure can estimate a DME in a particular system:

1. Define a wildtype for use as a fixed ’mutation-free’ reference point.
2. Treat each protein like a system in order to link DNA changes to changes in protein

function by assuming a DMErate, which denotes a realistic distribution of muta-
tional e ects on reaction rates for DNA changes within protein-coding and regu-
latory sequences. If necessary, scale the frequencies of mutations for a given rate
change by an estimate of the number of base pairs in the DNA that influence this
rate to reflect the varying mutational target sizes in the system under investigation.

3. Compute enough samples [13] to obtain a DMrateEF, which denotes a distribution of
the changes in the fitness correlate that emerges from the lower level distribution(s)
of the underlying reaction rate changes.
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4. Plot the di erences to the mutation free reference as a DMrateEF, on one logscale
for decreasing and on another logscale for increasing e ects to visualise changes in
the frequency of small e ects from potential random noise expectations. Compare
the number of fitness increases and decreases with the increases and decreases of
the underlying reaction rate distributions in order to establish whether the molecu-
lar structure within biomolecules, or the network structure of biochemical reaction
systems, has a larger influence on the DME of the fitness correlate.

The particular importance of small mutational e ects in long-term evolution empha-
sizes the need for a careful analysis of numerical issues while computing fitness cor-
relates. In plotting DMEFs, logscales were found to be more helpful than linear scales
due to their ability to visualize very small di erences.

mRNA
in cytosol Protein in cytosol

Inhibition (n, KI)

Ribo
some

ks

RNApol

mRNA

DNA

vs

Protein in nucleous

k1 k2

vm Km
vd Kd

complex
degradation

complex
degradation

Fig. 1. Overview over the basic negative transcriptional feedback system that implements the
simple clock analysed here

4 Model

The very simple model of a circadian clock that we use has been described elsewhere
[14] and is closely related to the elementary transcriptional feedback oscillator de-
scribed by Goodwin [15].

The basic reaction scheme is found in Figure 1. Briefly, the RNA polymerase com-
plex transcribes a gene into mRNA, which is exported into the cytosol, where it accu-
mulates at constant rate vs. The ribosome translates the mRNA into a protein which
accumulates at rate ks. The protein can migrate between the nucleus and the cytosol,
where the rates of transport are k1 and k2. Transportation into the nucleus is assumed
here to be equivalent to turning the protein into a repressor, so potentially more than
one reaction might be subsumed here. If enough copies of the protein have accumu-
lated in the nucleus, they can cooperatively bind to the DNA and thus prohibit the
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Table 1. Stochastic simulation implementation of the simple clock model. The kinetics of the
chemical reactions shown here is governed by the propensity functions that determine which
reaction out of this list will occur next. Once it has occurred, the species counts are adjusted
according to the transition entry.

Number Reaction Propensity function Transition

1 gene gene mRNA (vs )
(KI )n

(KI )n PnN
M M 1

2 mRNA (vm )
M

(Km ) M
M M 1

3 mRNA mRNA protein ksM PC PC 1

4 protein (vd )
PC

(Kd ) PC
PC PC 1

5 protein repressor k1PC PC PC 1
PN PN 1

6 repressor protein k2PN PN PN 1
PC PC 1

Table 2. The parameters of our basic clock model and their assumed values for the two ’wild
types’ explored here

Parameter Meaning Neurospora 24h-clock
Size of system 105 105

n Degree of Hill-type cooperativity 4 4
KI Threshold for Hill-type repression 1 1
vs E ective rate of mRNA accumulation in cytosol 1.6 1.6
vm Maximal e ective turnover of mRNA degradation 0.505 0.505
Km Michaelis-Menten constant for mRNA degradation 0.5 0.5
ks E ective rate of protein production in cytosol 0.5 0.5
vd Maximal e ective turnover of protein degradation 1.4 1.4
Kd Michaelis-Menten constant for mRNA degradation 0.13 0.13
k1 E ective rate of repressor accumulation in nucleus 0.5 0.4623
k2 E ective rate of repressor movement out of nucleus 0.6 1.2

binding of the RNA polymerase complex, e ectively shutting down the production of
mRNA. This cooperative binding is described by kinetics of the Hill type with a given
degree of cooperativity, n, and a threshold constant for repression, KI . To allow tran-
scription to start again, mRNA and the protein are constantly degraded by reactions of
the Michaelis-Menten type. Here vm denotes the maximal e ective turnover rate of the
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mRNA degradation complex (with Michaelis-Menten constant Km). The corresponding
reaction for the protein is described by vd and Kd.

This model can be described by the following ordinary di erential equations (ODEs),
where M, PC and PN denote the concentrations of mRNA, cyctosolic protein and nu-
clear repressor, respectively. The change in the concentration of mRNA is given by

dM
dt

vs
KnI

KnI PnN
vm

M
Km M

(1)

the change in concentration of the cytosolic protein is given by

dPc
dt

ksM vd
PC

Kd PC
k1PC k2PN (2)

and the change in the concentration of the repressor form of the protein in the nucleus
is given by

dPN
dt

k1PC k2PN (3)

To translate these ODEs into chemical reaction equations, we followed the scheme de-
scribed in [16]. To this end all molecular concentrations in the ODEs are turned into
actual molecule counts by multiplying them by , the parameter that describes the
scale of the system. Table 1 gives the important quantities that were used to compute
the propensity functions and the stoichiometry matrix in the stochastic simulations of
the system.

Such a model will have a degree of approximation due to the presence of the reaction
with Hill kinetics, since it has been shown that a direct application of Gillespie’s algo-
rithm to implement Hill’s kinetic law can lead to an overestimate of the variance when
compared to a more faithful low-level representation of the actual elementary reac-
tions [17]. Mass action and Michaelis-Menten reactions do not su er from this problem
[18,19].

We used two sets of reaction rates as the starting points for our simulations: (i) the
original set of parameters that Leloup et al. [14] used to describe a simple model of
the 22h cycle circadian clock in Neurospora crassa and (ii) a modification of their
parameter combination which we introduced to approximate a 24h cycle with the same
set of reactions. Table 2 summarises the corresponding parameters.

5 Model Analysis

5.1 Simulations

We employed stochastic simulations to measure the emerging features of our model. To
allow for flexibility in the analysis and speed of computation, we employed StochKit
1.0 (http: www.engineering.ucsb.eduwww.engineering.ucsb.edu csecse StochKitStochKit ), which implements a variety of
algorithms that speed up Gillespie’s Direct Method algorithm for stochastic simulation
under particular sets of circumstances. For example, when large numbers of molecules
are in the system, the library can choose to use a tau-leaping algorithm. It then no longer
simulates every single reaction but rather estimates the number of reactions that will
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Day

Clock On

Day

Clock Off

Night

Clock On

Night

Clock Off

Fig. 2. The four states of a system with external and internal oscillations. It is possible to unam-
biguously assign one of the four states given in the table on the right to every point on a time
course. Assignment to one of the four states is indicated by di erent shades in the time course
on the right. We estimate the threshold from the observations as half the distance between the
minima and maxima.

happen in a particular period of time. Our implementation of StochKit automatically
switched between adaptive tau leaping [20] and fully detailed stochastic simulations.
An overview of the corresponding methods has been presented elsewhere [20,21] and
is also included in the StochKit manual.

5.2 Measuring Fitness Correlates

In order to explore the construction and behaviour of fitness correlates, we defined a
simple biologically credible measure that we expect to be linked to fitness in many
realistic situations. A schematic overview of the core principle is given in Figure 2.

Basically the existence of an external cycle (day or night) and an internal cycle
(molecule count high or low) allows the definition of four states that describe all states
that such a system can be in. Either it is ‘in phase’ (which can mean day or night) or it
is ‘anti-cyclic’ (molecule count high, while external light is low and vice versa). If the
internal system oscillates with a 24-hour period, then selection will favour mutations
that help the cell to organise its patterns of gene activity around that cycle. However,
if the internal oscillations are faster or slower, then the benefit of mutations that link
particular genes with a particular state of the clock will be very limited, if existent at
all: the genes that are in phase today will be out of phase in a few weeks and thus the
long-term expectation of such a clock is probably not very di erent from random noise.
From such considerations we can derive two measures of fitness, the cyclical fitness
correlate FC , defined as:

FC
T1D T0N

Ttot
(4)

and the anti-cyclical fitness correlate FA defined as;

FA
T0D T1N
Ttot

(5)
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where T1D, T0N , T0D and T1N sum over all time when the system is “On” during “Day”,
“O ” during “Night”, “O ” during “Day” and “On” during “Night”, respectively. All
these quantities scale with the total time that the system has been under observation,
Ttot. Based on such a definition, these fitness correlates can never be larger than 1.
While any of the two measures can become zero under some special circumstances, we
argue that more often the minimal value is 0.5, based on the random expectation of the
complete absence of an internal cycle. For our 24h-clock we found FA to be high and
FC to be low. Therefore we report only FA below.

threshold
molecule

count

start of cycle linear interpolation artificial cycle

y
2

y
1

t
1

t
2

t
1
= (t

1
+t

2
) y

1
/y

2

Fig. 3. Transitions of the clock. We use a threshold to distinguish the ’on’ and ’o ’ states of the
clock and keep track of the interpolated transition times to measure cycle length. In the presence
of high levels of stochastic noise, artificial cycles can be generated. This was no problem above

10000 in our system. Squares denote observations.

5.3 Measuring Cycle Length and Amplitude

To obtain a robust understanding of DMEs in a particular system it is preferable to
investigate several of the emerging higher level properties of the system under investi-
gation. In our case we also wanted to explore properties that could be determined more
precisely than our present implementation of direct fitness correlates.

We decided to automatically observe the cycle length L and amplitude A, where the
amplitude is the di erence in molecule counts between the highest and the lowest point
of a cycle. To define the beginning of a new cycle requires a threshold between the
number of molecules at which the clock is considered to be ’o ’ and the same count in
the ’on’ state. We implemented this by using the same threshold required for our fitness
measurements. Thus we stored the past state and determined for each current state,
whether the threshold had been passed in upwards or downwards direction (Figure 3). If
it had, the transition time was interpolated and cycle length was recorded. If it had not, it
was checkedwhether the current value was a new extremum, facilitating the observation
of cycle amplitudes. To get a good estimate of the true transition time we computed the
intersection of the threshold with the line joining the two closest observations using the
law of proportionality (see Figure 3, linear interpolation).

This system worked very well for large values of . However, analyses at smaller
values of showed a sudden increase in the corresponding standard error estimates.
Further scrutiny revealed that this was due to rare cases, where stochastic fluctuations
had temporarily crossed the threshold, bucking the trend for just a moment and thereby
triggering what the code considered a new, very short, cycle (Figure 3, right). This
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Fig. 4. Oscillations of our 24h-clock at 100000. As in all our simulations the initial concen-
tration for all the reactants was 1 molecule. To avoid any influence from initial concentrations, we
allowed the clock to run for 50 hours before starting another 50 hour period, where merely max-
ima and minima were recorded to automatically estimate the threshold for fitness, cycle length
and amplitude at half way between the two. Before actual observations started after calibration,
two more cycles would be discarded, so that most observations would span the time from about
150 – 2000 hours.
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Fig. 5. Limit cycles for the 24h-clock at 1000 (left) and 100 000 (right). Smaller increase
noise even more, but the general presence of oscillations is remarkably robust at this parameter
combination, even if 10.

phenomenon became prevalent at about 6000 in the parameter combinations that
we tested. To remedy this problem, two thresholds will have to be set up in such a way
that a cycle is only recognised as such, if it has crossed both thresholds.
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5.4 Basic Clock Behaviour

Our clock models do not behave di erently from those analysed in the literature. Figure
4 demonstrates the extraordinary regularity and long-term stability of the oscillations
at 100000. If is reduced, noise is increased, as can be seen in the limit cycles
of Figure 5. To obtain solid estimates of the stochastic variability of the Neurospora
and our 24h-clock, we observed 6380 and 6927 single simulations for 2000 hours (less
the calibration period). The resulting distribution of anti-cyclic fitness, cycle length and
amplitude can be found in Figures 6 and 7 (see the next section for an explanation of
the DME plots in these figures).

5.5 Bootstraps and DME Estimates

Bootstraps. To obtain robust estimates of a DMEF is a statistical challenge. If an un-
derlying DDMEk1 or DIMEk1 is assumed to map DNA sequence changes to repressor
production rate changes, then one would like to know the e ects on the distributions of
emerging properties given by DDIMk1EFA, DDIMk1ELand DDIMk1EA.

Here we propose to use a slight modification of the statistical bootstrap technique to
achieve this. Bootstrapping in statistics was introduced to estimate the unknown distri-
butionU of variates that are computed by a known function f from a known distribution
D [13]. This is achieved by repeatedly sampling (with replacement) from the known dis-
tribution (or dataset). Then the function f is applied to each sample x to obtain samples
from the unknown distribution:

U f (x) where x D (6)

Thus U can be quantified rigorously if enough samples can be generated. Here we
use as D the underlying DDMk1E or DIMk1E and as U any of the emerging properties
(FA, L, A) distributions specified above. f is specified by our simulation system that
implements and observes the circadian clock model. To quantify U, we plot it in the
DME plots shown in Figures 8-9. This approach allows us to detect changes in the
distribution of emerging features that are caused by di erences in the underlying low-
level DDMk1E or DIMk1E.

Design of the DME plot. DMEs are notorious for being di cult to visualize due to
conflicting requirements. A Biologist would typically want to get an overview of dele-
terious, neutral and advantageous mutations at the same time, which is simple on a
linear scale. However recent results have shown that the DMEF is highly leptokurtic
[1,2], implying that most mutations have very small e ects and would thus be lost in
something that looks like a bar around zero on a linear scale. Thus a logscale seems the
most appropriate way to visually convey information about most DMEs. We decided
to follow a pragmatic approach that combines the best of both worlds by neglecting
parameter ranges that are biologically uninteresting and implemented a corresponding
plotting function in R (http: www.r-project.org ). The code first constructs a histogram
of bins for decreasing e ects that are equally spaced on a logscale. Then it does the
same for increasing e ects. The focus of the plot is on values within user-defined upper
and lower limits of interest, merely checking for the existence of other values. Then
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Fig. 6. The stochastic variability of the emerging features of the 24h-clock parameter combina-
tion. See Section 5.5 for an explanation of the right part of the figure.
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Fig. 7. The stochastic variability of the emerging features of the Neurospora clock parameter
combination. See Section 5.5 for an explanation of the right part of the figure.
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Fig. 8. These DMEs show the e ects of assuming a low level lognormal DDMk1E and DIMk1E as
distribution of generated genotypes on the emerging phenotypic features anti-cyclic fitness FA,
cycle length L and amplitude A for the 24h-clock parameter combination. The thick line gives
the high level DME, the thin line the low level DME, n the sample size and I the fraction of
increasing e ects on a high level.
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Fig. 9. These DMEs show the e ects of assuming a low level lognormal DDMk1E and DIMk1E as
distribution of generated genotypes on the emerging phenotypic features anti-cyclic fitness FA,
cycle length L and amplitude A for the Neurospora parameter combination. The thick line gives
the high level DME, the thin line the low level DME, n the sample size and I the fraction of
increasing e ects on a high level.
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a combined array of bin boundaries is built that is then used to construct a histogram
with unequal bin width on a linear scale, but equal bin width in the ranges of interest
on the positive and negative logscale. Finally, a special linear scaling is constructed that
allows the final plot to be produced in a standard linear plotting environment. To read
these plots, the following features have to be understood:

– The smallest borders of the smallest bins of interest are marked by the axis labels
closest to zero. This is indicated by the grey dotted vertical lines.

– All values that are closer to 0 than the specified range are sorted into the 3 bins
defined by the limits of user interest and 10 15. Thus it is easy to see what data
might have been missed. The bin borders of 10 15 are plotted at values that allow
for easy visual distinction from zero.

– The break in the scales is indicated by the massive greying around zero.

In the production of these plots it is of paramount importance to have a precise refer-
ence point, which in our case is taken to be the parameter combination that we used to
start our explorations. We obtained these reference points by computing large numbers
of single simulations for the ’wild type’Neurospora clock and the ’wild type’ 24h-clock
and combining their elementary statistics to obtain the aggregated estimates reported in
Table 3.

Table 3. High precision estimates of the emerging features of the two ’wild type’ clock param-
eter combinations that are used as a starting points for exploring DMEs here. N denotes the
Neurospora clock, 24h, the 24h-clock with the respective parameters specified in Table 2.

Mean StDev StErr CV n
N: FA 0.4897883 0.0009251 1 45 10 7 0.001888 6380
N: L 21.7338705 0.05796 1 07 10 7 0.002667 542300
N: A 339093.583 1836 0.00339 0.005415 542300
24h: FA 0.807005 0.03768 5 44 10 6 0.04669 6927
24h: L 24.0066962 0.06960 1 30 10 7 0.002899 533379
24h: A 255891.547 1620 0.00304 0.006331 533379

Since the reference points used for constructing DMEs are infinitesimally small and
our model system exibits a significant amount of stochasticity, any repeated observation
of an identical parameter combination will lead to what looks like many small increas-
ing and decreasing changes. The amount of such stochastic noise determines how close
the corresponding peaks will be to zero on the logscale. It is important to obtain a null-
observation for the DME that determines its natural stochasticity, to avoid reporting
spurious mutational e ects that supposedly increase or decrease fitness. We report such
an observation in Figures 6 and 7 for our two clock parameter combinations that we use
as starting points for estimating real DMEs.

Equipped with such a framework, we can now present an example analysis of a
simple system using DMEs. Figure 8 and 9 show the DMEs that result from computing
many samples varying the rate k1 with which the repressor accumulates in the nucleus.
We ran four sets of simulations. In one set the rate was decreased by an amount that
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was sampled from a lognormal distribution, while keeping the smallest resulting rates
at zero. The lognormal distribution had location 0 1 and shape 2 on the log
scale. In the other set the rate was increased by an amount that was sampled from the
same lognormal distribution.We chose a lognormdistribution, because it had performed
well in previous population genetical tests [2]. This analysis was performed for the
Neurospora and 24h-clock parameter sets to obtain an impression for how di erent
DMEs are when sampled from di erent points in parameter space.

The results in Figure 8 and 9 show that it depends on the starting point and other
parameters, whether a particular parameter change will be advantageous or deleterious.
For example decreases in k1 led to frequent increases in FA and A for Neurospora,
but mostly decreased these emerging properties for the 24h-clock. In other cases the
high level e ects appear to follow the low level e ects rather closely. For example, A
in Figure 8 follows the distribution of k1 so closely that one would expect that at this
point the intra-molecular structural e ects of the corresponding enzymes have a larger
influence on clock amplitude than the larger biochemical reaction network. However,
this depends on other properties of the system, as the same is not true in Neurospora. It
is not the purpose of this paper to discuss all corresponding DMEs in this simple clock
model, but rather to demonstrate that the approach which has been presented is capable
of producing the raw data that is needed for more comprehensive analyses.

6 Discussion

We have introduced a new framework for quantifying distributions of mutational ef-
fects using molecular systems biological models and presented a compact notation for
navigating the complex multi-layered world of DMEs. We have demonstrated how this
new approach works in principle and addressed fundamental challenges by estimat-
ing DMk1EFA, DMk1EL and DMk1EA in a simple model of a circadian clock. We were
able to observe significant changes in the DME that exceeded the noise present in our
system. The changes in this simple model show that it is important which parameter
combination is used as a starting point for estimating a DME. While some parameter
combinations lead to a majority of decreases, others mostly increase fitness. A more
comprehensive analysis of this and other models is needed to determine how frequent
fitness increasing e ects are on a larger scale.

We deliberately did not include entrainment here to focus the reader’s attention on
our new framework. Our analysis showed that circadian clocks without entrainment
will in most cases have a fitness in the wild that will approximate the absence of a cir-
cadian clock. Other, non-circadian clocks might still be important, but realistic models
of robust circadian clocks in the wild need to include entrainment. This can be done by
allowing for time-dependent changes in the reaction rates used in propensity functions.

Future work can improve the accuracy of our estimates by using more computing
power. This will help building more realistic models, which is important, as the qual-
ity of our DMEF estimates depends on the quality of the molecular systems biological
models used. Recent advances in molecular systems biology provide hope for the con-
struction of quality models in an increasing number of model systems. Any such models
are likely to be closer to biological reality than most of the extremely abstract and simple
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models of mutational e ects that have been used in population genetics so far. As any
DMEF that has been observed by this new approach is specific to a very specific model,
one can start comparingmany di erent DMEFs frommany di erent systems. Such work
will show how specific such DMEs are, and how often general features emerge that are
robust to much of the underlying complexity.

7 Conclusions

We presented the first comprehensive application of our new framework for estimating
distributions of mutational e ects. Using the example of a simple circadian clock we
demonstrated several fundamental features of this approach. Circadian clocks have been
analysed before with systems biology methods [14,16,22,23], but the distribution of
mutational e ects has not been quantified in these systems before. Many more models
need to be analysed in order to determine the general features that DMEs may exhibit.
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