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ARTICLE INFO ABSTRACT

Keywords: Intracellular calcium oscillations have been widely studied. It is assumed that information is conveyed in the
Calcium oscillations frequency, amplitude and shape of these oscillations. In particular, calcium signalling in mammalian liver cells
Decoding has repeatedly been reported to display frequency coding so that an increasing amount of stimulus is translated
Temperature dependence

Hepatocytes

into an increasing frequency of the oscillations. However, recently, we have shown that calcium oscillations in
fish liver cells rather exhibit amplitude coding with increasing stimuli being translated into increasing ampli-
tudes. Practical consequences of this difference are unknown so far. Here we investigated advantages and dis-
advantages of frequency vs. amplitude coding, in particular in environments with substantially changing tem-
peratures (e.g. 10-20 degrees). For this purpose, we use computational modelling and a new approach to
generate a calcium model exactly displaying a specific frequency and/or amplitude. We conclude that despite
the advantages in flexibility that frequencies might offer for the transmission of information in the cell, am-
plitude coding is obviously more robust with respect to changes in environmental temperatures. This potentially

explains the observed differences between two classes of organisms, one operating at constant temperatures
whereas the other is not.

1. Introduction like genes and proteins that are either directly activated by calcium or
indirectly via calcium activated proteins. Many different types of ago-

Calcium signalling is one of the most widespread messenger sys- nists employ calcium as second messenger to convey their information.
There is barely a cell type or organism that does not use calcium sig-
nalling as a central information processing unit. Calcium signalling is

tems. Information is transferred from extracellular agonists that bind to
their specific receptors at the plasma membrane to intracellular targets
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involved in diverse processes as organismic development, responses of
immune cells, cellular stress response, muscle contraction or cell death
(for a review see [1]).

The general machinery of calcium signalling, e.g. in liver cells is
quite well understood. In hepatocytes calcium oscillations occur when
agonists such as hormones or nucleotides bind to membrane-spanning
receptor proteins on the surface of the cell. Upon binding of an agonist
to the extracellular part of the receptor, the G, subunit of the G-protein
exchanges bound GDP with GTP and is thereby activated. The activated
G, subunit in turn activates phospholipase C (PLC), which again hy-
drolyses membrane bound phosphatidyl inositol 4,5-bisphosphate
(PIP,) to inositol 1,4,5-trisphosphate (IP3) and diacylglycerol (DAG). IP3
binds to the IP; receptor channel (IP3R) of the endoplasmic reticulum
(ER). Subsequently, the channel opens and releases calcium into the
cytosol. In addition, there is calcium release from the mitochondria into
the cytosol and calcium entry from the extracellular space through
membrane channels. The calcium release into the cytosol further sti-
mulates the opening of the IP; receptor channel, and thereby the release
of calcium from the ER. Removal of Ca®* from the cytosol is mediated
by ATP-dependent Ca®* pumps, that pump calcium back into the ER
and out of the cell (for a review see e.g. [2]). A schematic representa-
tion of the most important processes in calcium signalling is depicted in
Fig. 1.

Since the discovery of calcium oscillations, computational models
have been an important and integral part of the research on this topic.
They fundamentally helped in deciphering the exact mechanism behind
the oscillations and in understanding which parts of the signal trans-
duction machinery are crucial for which aspect of the oscillations [3].

However, one of the biggest and still not well answered question in
this system is how one and the same messenger can carry such different
information originating from so many different agonists. A partial ex-
planation was offered when the oscillatory behaviour of calcium in
response to many signals occurring in most cell types was discovered.
On the encoding side of the signal, it was discovered that e.g. in
mammalian liver cells, increasing amounts of stimulus are encoded by
increasing frequencies of calcium oscillations [4]. In addition, different
oscillation shapes occur in these cells depending on the exact nature of
the stimulus [5-8]. Remarkably, recently, we observed that calcium
oscillations in fish liver cells are amplitude encoded such that in-
creasing amounts of stimulus lead to increasing amplitudes with a
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constant frequency [9].

On the decoding side, several experimental studies showed over the
years that different frequencies of calcium oscillations are able to elicit
different responses on the level of gene expression and protein activity
[10-15]. In addition, it was also demonstrated that different responses
can be achieved when different amplitudes are applied [16]. The mo-
lecular mechansims behind these observations have been studied by
mathematical models. These models either concentrate on the proper-
ties of one specific enzyme or on the generic decoding properties of
calcium activated proteins which display cooperativity with respect to
calcium binding. For the first case, one prominent example is the de-
coding of calcium oscillation frequencies by CaM kinase II which has
been studies experimentally [11,17] and theoretically [18]. CaM kinase
II, which is activated by calmodulin, plays a central role in many cel-
lular processes. Another prominent example is the activation of the
transcription factors NF-AT and NF-xB (for a review see [19]). In the
more generic case, it has been shown that different frequencies and
shapes of oscillations can be decoded by cooperative proteins [20-22].
In addition, decoding of two different simultanous signals has been
studied in [22]. Finally, [23] studied the decoding of time-limited
calcium oscillations. The generic differences in the decoding of fre-
quencies versus amplitudes have so far only shortly been addressed in
the study by Salazar et al. [24] showing that considering the co-
operativity of calcium binding in a kinase/phosphatase mediated acti-
vation and at low levels of stimulation, calcium oscillations are more
efficient in activating the target than a constant signal of same average
concentration. Moreover, frequency coding exhibits a higher robustness
towards noisy perturbation than amplitude coding [25]. The selectivity
of amplitude versus frequency decoding has not been studied so far.

If information is encoded in the temporal dynamics of calcium os-
cillations, another question is how environmental changes affect this
information processing. Thus, temperature changes in mammalian
systems like human or rat/mouse might not play such a big role, since
temperature is tightly controlled. However, in the absence of such strict
regulation, it has been shown in cultured HEK-cells that the frequency
of calcium oscillations can rise with increasing temperature [26]. So,
how is information conserved? Moreover, fish with their changing body
temperatures that typically ranges from 5 to 25 degrees Celsius must
employ some sort of compensation, if the temporal order of calcium
oscillation is meaningful in the cell. While temperature compensation is

Fig. 1. Schematic representation of the processes involved in calcium signalling. SERCA denotes the calcium pump, PLC the phospholipase C, PIP2 phosphatidyl

inositol 4,5-bisphosphate, DAG diacylglycerol and IP3R the IP; receptor channel.
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a well-known and active mechanism in the case of circadian clocks
[27], this aspect has not been discussed in the literature in the context
of calcium oscillations.

Here, we employ mathematical modelling to investigate the se-
lectivity of amplitude vs. frequency encoded signals with respect to
reliable decoding in the cell and their respective properties. We also
study the decoding of signals when temperatures are changed. For this
purpose, we use a simple model to produce calcium oscillations with
specific properties. Moreover, we use optimisation and a new efficient
approach to parameter fitting of oscillatory models. This new strategy
allows to parameterise the model in such a way that predefined prop-
erties with respect to frequencies and amplitudes can be achieved or
experimental data can be fitted. We take special care that the calcium
oscillations are not simply mimicked by sinusoidal oscillations or
let alone square pulses, but are of physiological shape (e.g. relaxation
oscillations) resembling experimental data. We conclude that although
frequency coding offers advantages with respect to achievable se-
lectivity for decoding, it is inherently and obviously sensitive to chan-
ging temperatures. Thus, organisms with changing body temperatures
might rather rely on amplitude coding which is more stable with re-
spect to temperature changes in all studied models.

2. Methods and models

All models were set up in COPASI [28]. Deterministic simulations
were carried out using the LSODA algorithm as implemented in this
software. Sensitivity analysis and optimisation were also used as im-
plemented in COPASIL.

To generate different calcium signals and as input to decoding
proteins we mainly used the simplest possible calcium model, namely
the two-variable model published by Goldbeter and Dupont [29]. Fig. 2
summarises the essential structure of the model.

The model is represented by the following equations:

dy

’n =vo+vB-—v+vs+kpY—kZ a
dz

& v, —vi— kY

a2 BT @)

The two variables of the model are the concentration of free Ca®>* in
the cytosol and Ca®™ in the endoplasmic reticulum; these variables are
denoted by Z and Y, respectively. Parameter v, is the efflux of Ca®* into
and out of the cell and v;*f represents a function triggered by agonist
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signal (B). The rest of the terms describe Ca®>* release and uptake from
the endoplasmic reticulum, given by the following equations:

Zn

B ®
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In its original parameterisation this model displays frequency en-
coding, i.e. with increasing calcium entry the frequency of the oscilla-
tions increases whereas the amplitude stays constant. However, as ex-
plained in [9], a new parametrisation of the model that allows the rates
of calcium release and uptake to be more symmetrical changes the bi-
furcation behaviour in such a way that the model now displays am-
plitude encoding as experimentally observed in fish liver cells.

We use the different parameterisations (parameters always listed) to
produce the calcium transients needed for this study.

Subsequently we integrated an additional equation describing an
enzyme that cooperatively binds calcium to be activated. This enzyme
decodes the calcium signal.

The first and simplest case that often has been used in previous
coputational studies of decoding e.g. [21,32] is cooperative calcium
binding and deactivation of the enzyme by mass action kinetics:

h
dEnz _ kact'cacy[

e~ Kb+ Cac};[

Enz; — KingarrENz

()

Here, Ca,,, refers to the cytosolic calcium concentration and there-
fore corresponds to Z in the Goldbeter model, Enz; represents the in-
active and Enz the active form of the enzyme. The sum of the latter two
being one. Please note that the free calcium concentration in the
Goldbeter model downloaded from BioModels is represented by the
variable Z as decribed above and used as such in the implementation.
Alternatively, the inactivation could more realistically follow a sa-
turation kinetics. This is the simple decoder used below:

h
dEnz kact : Cacyt

dt Kfy +cal,

Kinaer Enz
Enz + KMZ

l ©)

In addition, we tested a more complicated case where one effector
protein is activated by the above calcium activated enzyme (denoted by
A) and deactivated by another calcium dependent enzyme (denoted by
B) which follows the same calcium activated kinetics (for A and B), but
has a different parametrisation. This is still a relatively simple case
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Fig. 2. Schematic representation of the reactions and processes represented by the simple calcium model by Goldbeter and Dupont [29]. The scheme was generated

using VANTED [30] and adheres to the SBGN standard [31]
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Fig. 3. Schematic representation of the decoder module used
in our computations. The red arrow indicates alternative
calcium dependent activation via protein A and inactivations
via protein B as explained in the text. The scheme was gen-
erated using VANTED [30] and adheres to the SBGN standard
[31]. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this
article.)
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where e.g. proteins are activated by a calcium dependent kinase and
inactivated by a calcium dependent phosphatase or gene expression is
activated by a calcium dependent transcription factor and inactivated
in a calcium dependent manner as well. It should be emphasized that
lumping the corresponding equations condensating several processes in
one will result in a narrowing of the possible solution space. Therefore,
we can state with certainty that effects found in this simplified system
will also be possible in a larger, more realistic scenario. The corre-
sponding equation (complex decoder) becomes:

dEnz _ kuq-Enzi-A _
dt

kinacl'Enz'B
K + Enzg

- KA + Enz,- (7)

All decoder alternatives are shown schematically in Fig. 3.

Finally, we also tested several of our results on more elaborate and
realistic calcium models, all taken from the BioModels DB [33] as in-
dicated in the text.

3. Results and discussion

To systematically parameterise calcium models in such a way that
specific, e.g. experimentally observed frequencies and/or amplitudes
are generated, we employed different strategies. First, to explore, if a
given model can show amplitude instead of frequency coding, we used
a new approach to fit models of calcium oscillations to experimental
data. This is faster and more reliable than the manually tweaking
parameters as described earlier [9].

Subsequently, to tune the parameters to specific frequencies and
amplitudes we used an optimisation approach. Both these approaches
are described in the following.

In general, we preferred to use such approaches over simply using
artificial square or sinusoidal oscillations as an input, because of the
more physiological shape of the resulting calcium signals which might
influence the outcome. In addition, we used relative frequency and
amplitude changes which are also experimentally observed.

3.1. Parameter estimation for oscillatory systems

Estimating parameters for oscillatory systems faces the inherent
problem of an objective function with numerous local minima that
limits the performance of the optimization algorithms [34]. To solve
this problem we implemented a custom genetic algorithm based search

20

2%

in Matlab [35]. Our optimisation strategy takes advantage of the in-
formation contained in the eigenvalues of the system's Jacobian. Os-
cillatory behaviour requires complex eigenvalues [36]. For this reason,
the presence of complex eigenvalues in the system was used as a pre-
condition to accept or reject parameter values. Eigenvalues were nu-
merically calculated using the stability analysis as implemented in
COPASI [28]. By rejecting parameter values that produce non-complex
eigenvalues in the system the algorithms focuses on the finding of
parameters that reproduce oscillatory dynamics. The parameter search
was implemented in this genetic algorithm using a population size of
200 individuals for 50 generations. During each generation the progress
in the fitting (reduction in the objective function value) showed a
progressive agreement between experimental and simulated fre-
quencies and amplitudes. At the end of the generations the best solution
of the algorithm was selected as 6. The pseudocode for the genetic
algorithm for the fitting of oscillatory systems is given in supplementary
file 1. Parallel computations were used allowing up to eight in-
dependent evaluations at the same time.

As an example, we fitted the simple Goldbeter model which exhibits
frequency encoding in its original parameterisation to experimental
data produced by Schweizer et al. [9]. The experimental data set shows
amplitude encoding and describes time-courses of intracellular Ca®*
concentration in fish liver cells after the addition of hydrogen peroxide
in increasing concentrations 20 uM, 40 uM and 80 pM.

To simulate the hydrogen peroxide stimuli we implemented three
events in our model which double the values for parameter § that re-
presents simulation at different time points mimicking the experimental
set-up B[0]:

glol, 0 < time < 460
B[0] = 2, 460 < time < 960
B[0] * 4, 960 < time < t,

B=
(€))

where, t, is the total simulation time.

For the computation of the objective function, the measurements of
intracellular Ca?* (z;) at each measurement time point (t, i=1, ..., n)
were made comparable with the corresponding observable chemical
species in the model (Z;) by the use of the following objective function:

N
F(6,2) = we ), @ — Zi(0)) + wa(a, — a5(6))* + wy (f, — £, (8))%

i=1

€©)
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Fig. 4. Result of repeated parameter fitting: Experimental
data of calcium concentration in individual RTL-W1 cells after
addition of increasing hydrogen peroxide concentrations (20,
40 and 80uM) displayed in black (reproduced from [9]),
model results in red. A) Comparison between experimental
amplitude (black bars) versus amplitudes obtained with the
model (red bars). B) Comparison between experimental fre-
quencies (black bars) versus simulated frequencies (red bars).
C) Temporal dynamics for one exemplary parameter set (red
lines) versus experimental calcium dynamics. The vertical
blue dashed line represents the hydrogen peroxide stimuli.
Parameters: v, 0.988, v; 6.8278, B 0.0169, k 5.4396, kf
1.0296, Vye 32.9863, Ky 1.0227, n 0.9666, Vi 434.119, m
1.0559, Ki 1.825, P 1.4532, K, 2.3453. For simulations re-
sults, error bars represent the standard deviation of 8 different
fitted parameter sets. For the experimental data, error bars
represent the standard deviation of the amplitude or fre-

C 1 T T ] quency in the studied time course. (For interpretation of the
) 20uM 40uM 80uM references to colour in this figure legend, the reader is re-
ferred to the web version of this article.)
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Eq. (9) compares the time courses for z; and Z;, the difference be-
tween simulated and experimental average amplitudes, (a; and a,, re-
spectively), and the difference between the frequencies obtained by the
model and the experimental frequencies (f; and f,, respectively). Con-
stants w,., w, and wy represent weights for the time courses, amplitudes
and frequencies, respectively. During the optimization here, all weights
were set equal to 1 and since runs were successful, there was no need to
adjust them. Frequencies and amplitudes in the data were determined
using the function PeakFinder as encoded in Matlab [37].

Now that we have both the objective function from Eq. (9) to
compare the similarity between the experimental data and the model
with a given set of parameters, 6, a parameter estimate, 65, can be
calculated by minimising this objective function, that is:

O = argmin,yF (6, 2). (10)

One exemplary fit is shown in Fig. 4 together with the statistics on
eight fits resulting from repeatedly running the fitting process.

3.2. Creating models with specific amplitudes and frequencies using
optimisation

Often, during our studies, it was desirable to obtain models with
specific amplitudes and frequencies within physiologically realistic
boundaries, but for values for which we did not possess experimental
data. For this purpose we employed the optimisation routine of the
software COPASI [28].

First, we used the software to calculate amplitudes and frequencies
in the course of a simulation. Periods of oscillations can be easily cal-
culated by detecting the time points at which the rate of change for the
concentration of calcium changes its sign from positive to negative. This
is achieved by generating events with a corresponding trigger function
in COPASI. The frequency of the oscillation can then be calculated as
the inverse of the period. The amplitude on the other hand is calculated
by also detecting minima of the time series, using an event thact is

21

triggered when the rate of change switches its sign from negative to
positive. Storing the respective calcium concentration at maxima and
minima and calculating the difference results in the amplitude.

These two values - the frequency and the amplitude - can then be
used in the optimisation routine of COPASI as target and set to a specific
value which is achieved by parameter changes within user-defined
parameter boundaries using a local or global optimisation routine. A
COPASI file with this routine is available as part of the supplementary
material.

3.3. Decoding amplitudes vs frequencies

As observed earlier, oscillations compared to simply increased
steady state concentrations are more efficient in activating proteins,
especially if these proteins display cooperative calcium binding. The
response of the latter represented by the simple decoder (Eq. (6)) to
increasing frequencies corresponds to a gradual increase in activation.
However, if the frequency of the oscillations becomes so high that the
activation of the decoder does not return to its basal activity in between
calcium peaks, the dependency becomes much more nonlinear as also
seen in Fig. 5a. Here, a moderate Hill coefficient of two with respect to
calcium binding is sufficient to cause threshold behaviour meaning that
the activation is very low below a certain calcium frequency and - after
surpassing this frequency - the activation of the decoder rapidly rises.
Such a behaviour is a prerequisite for being able to switch on certain
calcium-dependent proteins and/or genes once a certain value is sur-
passed.

Similarly, amplitude encoded oscillations can be decoded by co-
operative calcium binding as shown in Fig. 5b, again employing the
simple decoder module (Eq. (6)). Due to the cooperative dependency of
the enzyme activity on calcium and depending on the Hill coefficient,
threshold behaviour can be observed as well. In that way, the decoding
of amplitudes and frequencies qualitatively can be quite similar.

However, quantitatively, there is a big difference between these two
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Fig. 5. Simulation of decoder activities depending on frequencies and amplitude of calcium oscillations. Parameters for frequency encoding (panels a and c): vo
0.1439, v 1, f 0.5-2.5 (scan parameter), k 11.02, kf 23.37, V2 391.283, K5 0.2246, n 1.072, Vyy3 14,056.4, m 1, Kg 2.239 P 1.7, K4 0.784. Parameters for amplitude
encoding (panels b and d): vy 0.1439, v; 1, 8 1.8-3 (scan parameter), k 3.199, k; 3.073, Vy;» 23.235, K 0.0745, n 1.072, V3 1374.19, m 1, Kg 50.159 P 1.7, K4 4.72.
Decoder parameters were computationally optimised to allow for threshold activation and - in the case of the complex decoder - threshold activation and deacti-
vation. Parameters for the decoder in Panel (a): kqc, 1.4, Ky 0.2375, h 2, kjnger 0.2, Ko 0.01. Parameters for the decoder in Panel (b): kq., 1296.52, Ky, 57.356, h 2 or
4, kingct 0.2, Ky2 0.01. Parameter for the decoder in Panel (c): Enzyme A: ko 2, Ky 0.742, h 3, Kinger 0.063, Kpr2 0.01, Enzyme B: ky(, 2, Kppp 0.1535, h 3, kinger 0.358,
K 0.01, final decoder: k¢ 5.4649, K4 0.07, Kinger 36.571, K 0.1414. Parameter for the decoder in Panel (d): Enzyme A: kqe 900, Kyp 8.5, h 4, kinger 0.2, Ky 0.01,
Enzyme B: ko 800, Kppp 10, h 4, Kinger 0.2, Kyyp 0.01, Decoder: ke 0.05, Ko 1, Kinger 1, K 1.

modes of encoding and decoding, namely in the magnitude of the Hill
coefficient required to display threshold behaviour. To compare this
property quantitatively, we used the simple decoder model and com-
putationally optimised the threshold behaviour in the model allowing
the few parameters of the simple decoder to be varied. The optimising
function was defined such that a fast switch from minimal to maximal
behaviour was desirable. In all cases, the deactivation kinetics was set
to the same value to restrict degrees of freedom and make the results
comparable. From these optimisation runs, it became obvious that
frequencies offer a stronger threshold behaviour and thus sensitivity
with very moderate Hill coefficients compared to amplitudes (Fig. 5a
and b). Thus, a Hill coefficient of two is already sufficient to generate
specificity in the response when employing frequencies, whereas higher
Hill coefficients are necessary in the amplitude case. This is important
for information processing. Experimental results showed that certain
genes and proteins are activated by specific frequencies [10-15]. To
achieve such a selectivity, threshold behaviour is a prerequisite. The
fact, that such behaviour is easier to achieve with frequencies compared
to amplitude decoding and that smaller Hill coefficients are needed, is a
potential advantage for this form of information processing, since
generating large Hill coefficients requires multiple binding sites and
large structural rearrangements upon binding.

Apart from creating threshold behaviour with using the non-
linearities created by the cooperativity of binding and the inabilities of
oscillations to return to base levels with higher frequencies or ampli-
tudes, the combination of two such dependencies can lead to the

22

activation of the decoder not only above a certain minimal value of
frequency and amplitude, but also below a maximal value. This is
shown using the more complex decoder module (Eq. (7)) as depicted in
Fig. 5c and d and a realistic range of frequencies/amplitudes. Again, it
is straightforward and simple to achieve this for frequency decoding at
moderate Hill coefficients and harder for amplitude decoding. In fact,
we were only able to generate this behaviour for amplitude decoding
for Hill coefficients equal or larger than four.

At the time of writing the manuscript, we learned that Schoch and
Pahle were independently investigating the information processing
capabilities of decoder modules using frequencies and overlapping with
the results of our study. Particularly, their study focuses on identifying
optimality criteria for the selectivity in the decoding of calcium fre-
quencies. We therefore would like to refer to their manuscript ap-
pearing in the same journal 2018 for more detailed analyses.

3.4. Temperature effects

Within the above discussed context, the question remains why fish
liver cells use amplitude encoding of calcium oscillations rather than
frequency encoding employed by mammalian liver cells. One of the
fundamental differences between mammalian organisms and fish is the
constancy of temperature in mammalian organisms, whereas fish
change their body temperature with the environment. How does this
influence information processed in calcium signalling? Increasing
temperatures usually lead to increased rates of chemical reactions,
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(b) Goldbeter model with parameters al-
lowing for amplitude encoding (as in
Fig.5b)

Ca®* [au]

time [s]

(d) Kummer model (Biomodels 329)

Fig. 6. Simulation of two steps of temperature change (each by 10K) in different models of calcium oscillations (a-d). All kinetic parameters as published in
BioModelsDB. Temperature steps are simulated by increasing all reactions rates two-fold. Green: Original parameters, blue: decrease by 10K, red: increase by 10 K.
(For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

including enzymatic reactions and diffusion speeds. According to the
Arrhenius relation, chemical reactions approximately double their
speed when increasing the temperature by 10 K (at least for the range of
temperature considered in this study). Published data for diverse en-
zymes indicate that the speed increases at the uppermost twice with an
increase in temperature of 10 K. Diffusion speeds of calcium in the cell
have been measured to increase twofold with a temperature increase of
10K [38].

If rates are increased by equal factors, not surprisingly, the fre-
quency of the oscillations in the simple Goldbeter model increases while
amplitudes remain unchanged (Fig. 6). This holds for both para-
metrisations of the model, the original one with frequency encoding
and the one that allows for amplitude encoding. This effect can also be
seen in more elaborate models which we tested (BioModels 329 and
331). Interestingly, one of the few experiments done on the temperature
dependence of calcium oscillations shows exactly this effect: Calcium
oscillations in HEK cells increase their frequency with increasing tem-
perature [26].

Since we do not know the exact temperature dependence for pro-
cesses that are not dominated by calcium diffusion, e.g. calcium pumps,
we also randomly assigned factors (between 1.75 and 2) to describe
different temperature dependencies to all of these. Again, amplitudes
were fairly stable whereas frequencies changed drastically. As an ex-
ample 30 repeats with randomly sampled temperature dependency for
the original parameter set and a simulated increase of 10K in the
Goldbeter model resulted in the following: Original period 2.08, after
temperature shift 0.8 + 0.108, original amplitude 1.12, after
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temperature shift 1.029 = 0.075. 30 repeats for the Goldbeter model
with parameters allowing for amplitude encoding: Original period 2.46,
after temperature shift 1.026 + 0.057, original amplitude 0.43, after
temperature shift 0.49 + 0.158. It should be noted that changing the
pumping rate very differently compared to the diffusion rate can impact
the relative balance of uptake and release fluxes drastically and there-
fore, quite a large variation is observed.

If information is encoded in the frequency of calcium oscillations as
suggested for mammalian liver cells, it is certainly not beneficial to
change the frequency without changing the actual information, namely
the actual agonist and its amount. However, as shown above, an am-
plitude encoded oscillation does not easily lose its main information,
namely the amplitude with changing temperatures and is therefore
more robust with respect to changing environments.

A long-term adaptation to changing temperatures can be achieved
by changing expression levels of proteins. Thus, decreasing tempera-
tures can be compensated by increasing expression levels leading to
roughly the same reaction rates. However, such a long-term adaptation
is much too slow to compensate rapid changes in temperatures like
those expected to occur in natural conditions for fish. Here, employing a
information processing mechanism that is more robust towards tem-
perature changes could be a beneficial strategy.

4. Conclusion

Calcium oscillations offer many possibilities to convey information
to downstream targets in calcium signalling. In most systems studied so
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far, frequency coding of the strength of the signal (amount of stimulus)
has been observed. However, calcium signalling in fish liver cells has
been reported to employ amplitude coding. As indicated above, on one
side frequency encoding offers selectivity in the decoding with mod-
erate Hill coefficients compared to amplitude encoding. On the other
side, frequencies are intrinsically sensitive to temperature changes. Fish
which have largely changing body temperatures would need a sophis-
ticated temperature compensation mechanism to rely on frequency
coding. Amplitude coding on the other hand is relatively insensitive to
changes in temperature. This is a potential explanation for the observed
difference between information transfer in mammalian versus fish cells.
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