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H I G H L I G H T S

• Antagonistic, oscillator-dependent
regulation enables band-pass activa-
tion of NFAT.

• Further, for band-pass activation reg-
ulators have to differ in their respon-
siveness.

• Cooperative activation events foster
the distinctness of frequency-de-
coding.

• Also the parametrisation of binding
constants impacts the distinctness of
decoding.

• A system's speed determines the
usable bandwidth for decoding.
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A B S T R A C T

Several proteins are sensitive to frequency-modulated oscillations of calcium levels. Most of them exhibit in-
creased activities for faster frequencies, a characteristic here referred to as high-pass activation. In contrast, the
transcription factor NFAT is optimally activated at a specific frequency, a behaviour we call band-pass activa-
tion.

We constructed a kinetic model of NFAT activation, confirming its ability for band-pass activation at ex-
perimentally observed frequencies. To characterise the requirements for band-pass activation further, we de-
veloped a minimal model, identifying antagonistic, calcium-dependent regulation with differently responsive
regulators as essential for band-pass activation. Further, in optimisations cooperative binding proved to be an
important feature for distinct frequency-decoding in models of high- and band-pass activation. A subsequent
analysis of the optimised parameter sets revealed the most sensitive parameters along with additional pre-
conditions for efficient decoding.

Our analysis is not limited to NFAT, but potentially applies to any protein showing high- or band-pass ac-
tivation.

1. Introduction

In many cell types, oscillations in the intracellular levels of the
second messenger calcium are believed to encode information on the

nature and abundance of an upstream stimulus, such as a hormone. It
was observed that variations in an upstream stimulus can lead to al-
terations in the oscillation's amplitude, frequency, and duration [1].
Also, the waveform of the oscillation is dependent on the stimulus type.
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In hepatocytes for instance, stimulation with the hormon vasopressin
results in spiking oscillations [2], while stimulation with the nucleotide
adenosine triphosphate (ATP) leads to bursting oscillations char-
acterised by a primary peak succeeded by smaller secondary ones [3]. It
is known that sustained elevated levels of calcium in the cytosol can be
toxic to the cell, even inducing cell death [1]. Furthermore, evidence
emerged that calcium oscillations do not only prevent damaging effects,
but that the encoded information on a stimulus can also be decoded by
calcium-sensitive target proteins. This results in a selective activation of
proteins by calcium based on specific parameters of its oscillation [4,5].

In this study, we focus on the decoding of information by dependent
proteins that is encoded into the frequency of calcium oscillations. In a
number of cases, proteins exhibiting activities sensitive to the frequency
of calcium oscillations were observed experimentally. Among these
proteins are Ca2+/calmodulin-dependent protein kinase II (CaMKII)
[6], protein kinase C γ [7], calpain [8] as well as the transcription
factors nuclear factor kappa-light-chain-enhancer of activated B cells
(NF-κB) [9] and nuclear factor of activated T cells (NFAT) [9,10].
Further, Tadross et al. showed how a sensory complex, composed of
calmodulin and a calcium channel protein, decodes local and global
calcium signals that differ in their signal amplitude and frequency [11].
For a more detailed review on frequency-decoders in calcium signal-
ling, please refer to [4].

For most frequency-decoding proteins, it was found that their ac-
tivities increase upon increases in the calcium oscillation frequency. We
refer to this decoding mechanism as high-pass activation in the fol-
lowing. However, the transcription factor NFAT indicates a more
complex behaviour; its activity is optimal for a particular frequency,
with frequencies slower or faster only leading to a reduced activity. We
call this decoding mechanism band-pass activation. A decline in NFAT
activity upon increasingly slow calcium oscillations was reported for
different cell types (from 10mHz downwards in Jurkat cells [9] and
from 11 mHz downwards in BHK and again Jurkat cells [12]). For faster
oscillations, Li et al. found an optimum in NFAT activity in RBL-2H3
cells followed by a decrease in activity upon further increases in the
oscillation frequency [10]. Also in cardiac cells increasingly fast oscil-
lations (from 20mHz upwards) resulted in a decrease in activity of the
transcription factor [13].

It is known that NFAT activity is increased by a dephosphorylation
event catalysed by calcineurin, a calcium- and calmodulin-dependent
serine/threonine phosphatase, that binds to NFAT in the process. The
dephosphorylated conformation of NFAT is potent of being transported
to the nucleus, where it can act as a transcription factor [14]. Elevated
levels of calcium, as in calcium oscillations, can elicit an accumulation
of dephosphorylated NFAT by activation of calcineurin [4]. However,
kinases counteract the translocation of NFAT, for instance by repho-
sphorylation [15,16]. Several kinases were identified that reduce NFAT
activity, but for the described band-pass activation Smedler and Uhlén
suggested the action of a calcium-dependent deactivator alongside the
known calcium-dependent activator calcineurin [4]. In fact, experi-
ments conducted by MacDonnel et al. and Hashimoto et al. showed that
the calcium- and calmodulin-dependent serine/threonine kinase
CaMKII lowers NFAT activity in neonatal rat cardiomyocytes as well as
adult feline ventricular myocytes by reducing the activity of calcineurin
[17–19]. In addition, downregulation of NFAT's transcriptional activity
by CaMKII was reported in human T cells [20]. We hypothesise that the
frequency of the calcium oscillations determines whether activating
phosphatases or deactivating kinases are dominant. Therefore, their
interplay enables band-pass activation of downstream NFAT. We test
this hypothesis by means of an NFAT signalling model that shows op-
timal activation at a specific oscillation frequency. Further dissecting
this behaviour, we set up a minimal model for band-pass activation,
allowing us to identify requirements for efficient band-pass activation
such as optimal ranges of kinetic parameters. Similarly, we search for
optimal model structures and parameter margins for high-pass activa-
tion.

We would like to highlight that many calcium-dependent proteins
bind calcium ions in a cooperative manner, e.g. calmodulin [21], cal-
cineurin [22], CaMKII [23] or conventional isoforms of protein kinase C
[24]. Therefore, we also investigate the effect of cooperativity on the
frequency-decoding performance.

2. Methods

2.1. The cellular communication channel

In this study, we analyse the decoding of the calcium oscillation
frequency by calcium-sensitive proteins. Defining a communication
channel, we use the calcium oscillation period length T (the reciprocal
of the frequency f) as the input of the channel. The output of the
channel is the average concentration of active, calcium-dependent
protein, a proxy of its average activity referred to as P . A protein is
capable of frequency-decoding, if its average activity significantly
changes for varying values of T.

2.2. Calcium oscillations

We use simple calcium oscillation shapes as inputs for different
models of protein activation. The input time series is always fixed,
meaning that it cannot be altered by feedback mechanisms that might
be present in the real signalling pathway.

For the stimulation of minimal models for high-pass and band-pass
activation, oscillation dynamics are mimicked by a sine function with
the oscillation period T as input parameter. On the basis of measure-
ments in rat hepatocytes, trough and peak concentration of the sine
wave are set to 200 nM and 1000 nM, respectively [25]. The sine wave
equation for the time evolution of the calcium concentration in nM
reads as follows:

= +Ca t
T

t( ) 400·sin 2 · 600,
(1)

where period length T is the reciprocal of the oscillation frequency f.
In contrast, for the stimulation of the NFAT model, we use square

wave functions. The reason for this is that square waves more closely
resemble the oscillations in experiments that we refer to for parameter
fitting. Here, the baseline is set to the experimentally measured con-
centration of 100 nM, while the peak concentration remains at
1000 nM. The active phase of the square wave is set to a fixed duration,
when sampling different frequencies. This means that decreasing the
frequency only increases the inactive phase.

Therefore, when we test for frequency-decoding by varying the os-
cillation frequency, the average oscillator concentration remains on a
constant level upon changes in f in the minimal models or increases
with increasing f in the NFAT model. We use the OscillatorGenerator, an
R package, that we make publicly available on the Comprehensive R
Archive Network (CRAN) at https://cran.r-project.org/package=
OscillatorGenerator, for the generation of discrete, parametrisable
time series of square wave oscillations.

2.3. A measure for average protein activity

The average activity P of a protein is defined as the average con-
centration of the active conformation P over a time period spanning
from 0 s to tend s:

P
t

P dt1 · [ ]
end

t

0

end

(2)

The average activity of a species is dependent on the observed time
span. Therefore, the calculation of P requires the passing of several
oscillation cycles for convergence to an approximately stable level.
Here, tend is set to finite values that enable this convergence. In case no
convergence is reached at tend, the simulation results are discarded.
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In the minimal models, tend is set to 5000 s for sine wave inputs with
T equal to 0.1 s and 10 s. For a sine wave input with T equal to 1000 s,
tend is selected to be 50,000 s. In the NFAT model and its variants, a
uniform tend of 30,000 s is chosen irrespective of the applied square
wave frequency.

With respect to the minimal models, transient phases in the time
course of the decoder's average activity P are shortened by initiating
simulations from the steady states of the simulated species for a con-
stant input concentration of 600 nM, which is the mean of the applied
sine input oscillating between 200 nM and 1000 nM. Steady state cal-
culations can be found in the Supplementary material.

2.4. Deterministic simulations

Deterministic simulations are run in R version 3.4.0, using the
deSolve package [26,27]. Increased simulation speed is achieved by
outsourcing the differential equations to C-code, which is then dyna-
mically linked to R. In order to numerically integrate the ordinary
differential equation systems, the LSODA solver is employed [28]. Si-
mulations are run on a Linux (CentOS 6.4 x86 64-bit Kernel 2.6.32)
compute cluster with Sun Fire AMD Opteron and IBM Quad Intel Xeon
CPUs.

2.5. Optimisation of frequency-decoding

We aim at maximising the efficiency of frequency-decoding, in
particular the size of changes in P upon applying different values for
the period length T of the input oscillation. In high-pass activation, P is
maximal for small values of T and minimal for large values of T. High-
pass activation efficiency EffH is defined as follows (Fig. 1, panel A):

Eff P T P T( ) ( )H fast slow (3)

Maximisation of EffH over a subset of model parameters Θ yields the
high-pass potential EH:

E Effmax { ( )}H H (4)

In band-pass activation, P is small at small and large values of T and
maximal at an intermediate T. We define the band-pass activation ef-
ficiency EffB accordingly (Fig. 1, panel B):

Eff P T P T( ) ( ),B med ext (5)

with P T( )ext being the maximum of P T( )fast and P T( )slow , both being
smaller than P T( )med . Maximisation of EffB over a subset of model
parameters Θ yields the band-pass potential EB:

E Effmax { ( )}B B (6)

All optimisation runs are executed in R with the built-in optim
function [26]. Here, the Nelder-Mead method, also known as the
downhill-simplex method, is selected [29]. We employ a multi-start
optimisation scheme, drawing initial parameter sets from random dis-
tributions in 500 to 50,000 runs per optimisation problem. The overall
best objective value is taken as the approximated global optimum of the
underlying optimisation problem. Exemplary optimisation scripts can
be found in the Supplementary material.

3. Results

3.1. Antagonistic, calcium-dependent regulation allows for band-pass
activation of NFAT

According to experimental results, the transcription factor NFAT
exhibits band-pass activation with respect to the frequency of cytosolic
calcium oscillations [4,10,13]. Smedler and Uhlén hypothesised that
band-pass activation is achieved by a calcium-dependent regulation of
NFAT delivered by an antagonistically acting activator-inhibitor couple
[4]. A number of articles describe calcineurin as an activator of NFAT
translocation to the nucleus [15,30] and therefore of NFAT's tran-
scriptional activity. CaMKII's role as an inhibitor of NFAT in the cytosol
is less well known [17,18]. Here, we present a kinetic model for NFAT
activation in the cytosol that comprises CaMKII- as well as calcineurin-
mediated regulation. We focused on the core mechanism of band-pass
activation. Thus, our model leaves out some details that have been
described in the literature. For instance, calmodulin as a common ac-
tivator of calcineurin and CaMKII is not modelled explicitly [31]. Also,
we neglect differences in the activity of various intermediates in
CaMKII signalling [32]. Furthermore, we do not claim quantitative
accuracy of our model. The aim of our model is to probe for a potential
mechanism for band-pass activation in calcium-dependent NFAT acti-
vation and these simplifications help us to find the essential compo-
nents in this system.

Fig. 2 gives an overview of the model, and Table 1 provides a list of
reactions and the corresponding kinetic functions. In the model, in-
active calcineurin, Cn, and Ca2+/calmodulin-dependent protein kinase
II, CaMKII, are activated by cooperative binding of calcium, Ca. Acti-
vated calcineurin, Cn∗, is able to form a complex, NFAT:Cn∗, which is
competent for being translocated to the nucleus. NFAT is depho-
sphorylated in the process, but this step is not explicitly modelled. Si-
milarly, a phosphorylated, calcium-activated calcineurin version, CnP∗,
can form a competent complex, NFAT:CnP*. However, CnP∗’s activity
with respect to NFAT complex formation is reduced by the introduction
of the inhibition factor δ. Since CaMKII∗ mediates the phosphorylation
of Cn, it inhibits the generation of active complexes by forming less
potent calcineurin forms. We created the structure of the model based

Fig. 1. Definition of high-pass and band-pass activation efficiencies. (A) For high-pass activation, the corresponding efficiency EffH is defined as the difference
between P T( )fast and P T( )slow . (B) For band-pass activation, EffB is defined as the difference between P T( )med and the maximum of P T( )fast and P T( )slow . In the provided
example graphs, Tfast, Tmed and Tslow are set to the default values of 0.1 s, 10 s and 1000 s, respectively.
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on experimental results, stating that a phosphorylation of calcium-
bound calcineurin is not possible due to allosteric constraints. Yet
binding of calcium to phosphorylated calcineurin was observed [19].
We used the sum of the average activities of the two complexes
NFAT:Cn∗ and NFAT:CnP∗ over a certain time interval as the model's
output. Both forms were assumed to be equally potent:

+NFAT NFAT:Cn NFAT:CnP (7)

In the next step, we tested whether our model is able to reproduce
band-pass activation over a physiologically plausible range of fre-
quencies, while at the same time is qualitatively agreeing with fre-
quency-specific NFAT activity data published by Dolmetsch et al. [9].
To this end, we used an optimisation procedure as described in the
Methods section. The objective function ΨNFAT, which we used for this
optimisation, combines the maximisation of the band-pass efficiency
EffB with a fit of the model behaviour to the data by Dolmetsch et al.
With respect to band-pass efficiency, the period length leading to op-
timal activation, Tmed, was set to 60 s based on reports in [4,10]. Tfast
and Tslow were chosen to be 25 s and 500 s, respectively.

+Eff ( ) 1 ( ),NFAT B NFAT NFAT (8)

with ΘNFAT = (kN1−8, KN1−2, m, n, β, γ, δ) and ρ defined as follows:

= + + +
+ + + +
A A B B

C C D D
( ( · )) ( ( · ))

( ( · )) ( ( · )) ,
data NFAT data NFAT

data NFAT data NFAT

2 2

2 2 (9)

where Adata to Ddata are the measurements in Fig. 3b of Dolmetsch et al.
[9] and ANFAT to DNFAT are the model's output for a comparable calcium
oscillation input. All model values refer to NFAT relative to the total
concentration of NFAT in the model in per cent. β and γ are scaling
factor and offset to account for the fact that the model's output is
measured in activated NFAT, whereas the experimental data refers to
gene expression.

In all simulations of the model, square wave inputs were used to
resemble calcium oscillations in the experiments. Parameters of the
discrete square wave time series were defined as described in Table 2.

As shown in Fig. 3 panel A, our model is capable of band-pass ac-
tivation at physiological frequencies. With the same optimised para-
meter set a resemblance to Dolmetsch et al.'s data is also present (Fig. 3
panel B). For the presented results, Tslow was set to 500 s. It was ob-
served that smaller values of Tslow lead to faster decreasing slopes that
resemble the data by Dolmetsch et al. even better, however come at the
expense of a reduced band-pass activation potential (for Tslow = 500 s,
EB = 35%; for Tslow = 300 s, EB = 31%; for Tslow = 200 s, EB = 27%;
for the corresponding plots and optimised parameter sets please refer to
the Supplementary material).

Fig. 2. Overview of the NFAT model. CaMKII and Cn
are activated by Ca. CaMKII∗ inhibits NFAT activa-
tion by phosphorylation of Cn, since CnP∗ is less
potent in forming an active compound with NFAT
compared to unphosphorylated Cn∗. Round-shaped
arrowheads with dashed lines refer to an activation.
Reaction names refer to the kinetics presented in
Table 1.

Table 1
The NFAT model's structure and kinetics. Cn is activated by cooperative binding
of calcium, Ca. Cn can also change to a phosphorylated form, CnP, prior to its
activation by Ca. Phosphorylation is carried out by calcium-bound CaMKII∗.
CnP∗ as well as Cn∗ are able to form active complexes with NFAT, however,
CnP∗’s activity is reduced by the introduction of δ (defined to be larger than 1).

Reactions Kinetics

CaMKII Ca CaMKII* = +vN
kN CaMKII Cam

KN m Cam1
1· ·

1
CaMKII* → CaMKII =v k CaMKII· *N N2 2

Cn Ca Cn* = +vN
kN Cn Can

KN n Can3
3· ·
2

Cn* → Cn =v k Cn· *N N4 4
Cn CaMKII* CnP =v k CaMKII Cn· *·N N5 5

CnP → Cn =v k CnP·N N6 6
CnP Ca CnP* = +vN

kN CnP Can

KN n Can7
3· ·
2

CnP* → CnP =v k CnP· *N N8 4
Cn*+NFAT → NFAT:Cn* =v k Cn NFAT· *·N N9 7
NFAT:Cn* → Cn*+NFAT =v k NFAT:Cn· *N N10 8

CnP*+NFAT → NFAT:CnP* =vN
kN CnP NFAT

11
7· *·

NFAT:CnP* → CnP*+NFAT =v k NFAT:CnP· *N N12 8

Table 2
Parameters of the applied square wave time series. Square waves were gener-
ated by means of the “SquareSpike” function in the OscillatorGenerator package
for R. For all inputs, baseline and peak levels were set to 100 nM and 1000 nM,
respectively. Parameter “trend” was fixed to 1. Column “Task” refers to the
purpose of the generated input in the optimisation process. Active phase is the
time span in an oscillation cycle, in which the square wave is on its peak level.
Duty cycle is defined as the ratio of active phase to the oscillation period T.

Task Period T [s] Duty cycle
[%]

Active phase [s]

Fitting to gene expression data
[9]

100 10 10
400 2.5 10
900 1.11 10
1800 0.56 10

Band-pass activation 25 80 20
60 33.33 20
500 4 20
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We would like to note that we used square wave inputs with a
constant active phase to produce the data in Fig. 3. This means that the
average calcium concentration increases with increasing pulse fre-
quency. The reason for this modelling choice was to stay as close as
possible to the original experimental setup. However, applying square
wave inputs with a constant average calcium concentration for different
pulse frequencies (meaning that the active phase or pulse duration
decreases with increasing frequency) to the same model, still allows for
distinct band-pass activation (data not shown).

In its original form, the model includes antagonistic, oscillator-de-
pendent regulation. We also tested alternative model versions, in which
antagonistic calcium-dependent control was disrupted by either re-
moving CaMKII entirely, i.e. deleting all reactions except for N3 to N4
and N9 to N10, or defining CaMKII to be independent of calcium by
deleting N1 and N2 and setting CaMKII∗ to a constant level. In these
cases, neither band-pass activation nor a resemblance to Dolmetsch
et al.'s data could be achieved (Fig. 3, blue lines). This is a strong in-
dication that antagonistic, oscillator-dependent regulation is a re-
quirement for band-pass activation as defined here.

3.2. Minimal models for high-pass and band-pass activation

A model for high-pass activation was previously presented by
Goldbeter et al. [33]. We adapted the model for this study. In parti-
cular, we included cooperative activation kinetics. The original model
by Goldbeter et al. and our adapted version share a common topology,
in which a calcium-dependent activator A fosters the generation of
active decoder P, while a calcium-independent deactivator D controls
P’s inactivation (Table 3). In the high-pass model with default para-
meter settings, fast calcium oscillations lead to an accumulation of P to
an elevated level. This is caused by the input oscillations being so fast
that P cannot be deactivated to its former levels during the trough of
each oscillation period. In contrast, for slower calcium oscillations, P
picks up the upstream oscillations and starts to oscillate itself, causing
P’s concentration to stay below the previously mentioned elevated
plateau for most of the time. Hence, the average activity P is larger for
fast inputs and lower for slow inputs (Fig. 4).

Our observation that antagonistic, calcium-dependent regulation
allows for band-pass activation (Section 3.1) in combination with in-
sights on the dynamics of the high-pass model helped us to construct a
minimal model for band-pass activation. In the resulting minimal
model, the generation and degradation of active decoder P is controlled
by two regulators, A and D, both of which are calcium-dependent (cf.
Table 3 for a detailed description of the model). We set up the model
such that D is more responsive to the calcium oscillation signal and that
it can deactivate P faster than A can activate it. The following behaviour

was obtained: For fast input oscillations, both regulators accumulate
and reach elevated levels. Since D was defined to have a stronger effect
on the conversion of the decoder, P is kept at low levels. When gra-
dually slowing down the input oscillations, the more responsive D first
starts to respond to the input's dynamics, causing it to decline from its
elevated level. In contrast, the less responsive A remains closer to its
elevated level for oscillations in an intermediate frequency range. In
this range, A can compensate for its weaker control over P, as it is more
abundant than D. As a result, P increases significantly. A further
slowdown of the calcium input leads to A also starting to oscillate and
to leave its elevated level. The previously observed concentration ad-
vantage is then lost and D becomes dominant once again, thus P de-
clines (Fig. 5).

Furthermore, we tested whether the adapted version of the model
by Goldbeter et al. could also support band-pass activation. In our op-
timisation runs, we were unable to find parameter settings with which
this is achieved. In contrast, our minimal band-pass model was also able
to exhibit high-pass activation (for more information please refer to the
Supplementary material).

We would like to remark that, while we were working on this
manuscript, we noticed in a conversation with our colleagues Aguilera
et al. that they are studying the advantages and disadvantages of am-
plitude- and frequency-decoding in the light of robustness against
changes in temperatures. In their study they use a model for decoding
that has the same characteristics, e.g. structure and ability for band-pass
activation, as our minimal band-pass activation model. Both models

Fig. 3. Optimisation results for the NFAT model. The
NFAT model was optimised according to ΨNFAT (Eq.
(8)) in order to generate band-pass activation as well
as to perform a qualitative fit to gene expression data
by Dolmetsch et al. [9]. (A) The model with antag-
onistic, oscillator-dependent regulation is able to
perform band-pass activation (black line). No band-
pass activation was observed for model versions
without CaMKII or a calcium-independent CaMKII
(overlapping blue lines). Red points mark the opti-
mised values of NFAT for the following input per-
iods: Tfast= 25 s, Tmed= 60 s, Tslow= 500 s. (B) With
the same parameter set, the model version exhibiting
antagonistic, oscillator-dependent regulation in-
dicates resemblance to NFAT gene expression data
measured experimentally. The linearly scaled model

data points, i.e. data points times β plus γ (black line), are displayed next to the raw data by Dolmetsch et al. [9] (black triangles). In contrast, the scaled truncated
model versions fail in recreating the experimental measurements with respect to the initial peak in activity for fast oscillations (overlapping blue lines). Red points
mark values of NFAT that were fitted to the gene expression data by Dolmetsch et al. For these outputs, we applied inputs that mimick experimental calcium
oscillations (see Table 2). (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 3
Structure and kinetics of the high-pass and band-pass model. In the high-pass
model, competent activator A is generated by binding of calcium Ca. A is then
able to activate the decoder P, while a deactivator D causes P’s inactivation. D’s
concentration is fixed to 5000 nM by default, thus, only reactions v1−2 and v5−6

are part of the high-pass model. In contrast, in the band-pass model, D’s con-
centration is set variable, with competent D being generated by binding of Ca.
For the band-pass model, reactions v1−6 apply. In the models, Ca is defined as a
sine wave function as shown in Eq. (1).

Reactions Kinetics

Ai Ca A = +v kA Ai Caa

KAa Caa1
1· ·

A → Ai =v k A·A2 2
Di Ca D

=
+

v kD Di Cad

KDd Cad3
1· ·

D → Di =v k D·D4 2
Pi A P = +v kP Pi Ap

KP p Ap5
1· · 1

1 1 1
P D Pi = +v kP P D p

KP p D p6
2· · 2

2 2 2
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were developed independently. We would like to refer the interested
reader to the article by Aguilera et al. [40].

3.3. The importance of cooperativity for frequency-decoding

As described in the introduction, a noticeable number of calcium-
dependent proteins bind calcium ions or calmodulin‑calcium complexes
in a cooperative manner. This is accounted for in our frequency-decoder
models by the implementation of several cooperative activation ki-
netics. Apart from cooperative binding of Ca to regulator species, P can
also be regulated cooperatively by A and D.

We optimised high-pass and band-pass activation efficiencies, EffH
and EffB (Eqs. (3) and (5)), for a number of different parametrisations of
the cooperativity coefficients, yielding the high-pass and band-pass
activation potentials, EH and EB (Eqs. (4) and (6)). For the maximisation
of high-pass activation, rate and binding constants of the high-pass
model were optimised. An increase in the cooperativity coefficient a,

that describes the binding of calcium ions to the inactive activator form
Ai, clearly results in an increase in EH (Fig. 6 panel A and Fig. 7 panel A,
black line). Additional increases in the cooperativity coefficients at the
sites of P’s activation and deactivation causes EH to grow even larger
(Fig. 7 panel A, blue line).

For the maximisation of band-pass activation, rate and binding
constants of the band-pass model were optimised. Pronounced band-
pass activation was achieved, when cooperativities of both, the acti-
vating and deactivating branch, were increased at the same time (Fig. 6
panel B and Fig. 7 panel B, orange, black and grey lines). Increased
cooperativities in only the activating or deactivating branch, did not
result in an increased EB. In fact, band-pass activation was disrupted,
when enhancing either a or d alone (Fig. 7 panel B, red and blue lines).
Thus, band-pass activation as modelled here, requires a balanced in-
terplay between an activating and a deactivating force. As for the high-
pass model, a concatenation of cooperative binding events leads to the
largest observed values of EB (Fig. 7 panel B, orange line).

Fig. 4. Frequency-decoding in the high-pass model. (A) Fast calcium oscillations lead to an accumulation of active decoder P. A slowdown of the input dynamics
results in P following the upstream oscillations. (B) Measurements of P's average activity P confirm a significant drop upon stimulation with slower calcium
oscillations. Colour-coded points refer to the time courses in the left panel. For information on the applied model parametrisation, please refer to the Supplementary
material.

Fig. 5. Frequency-decoding in the band-pass model.
The band-pass model was stimulated with very fast
(T= 0.1 s; A), medium fast (T= 50 s; B) and slow (T
= 10,000 s; C) sine waves. On average P's con-
centration was highest for medium fast inputs, due to
an on average higher abundance of A compared to D.
Visualization of P revealed an optimal period length
for P’s activation (D). Colour-coded points refer to
the input periods used in the simulations presented
in panels A to C. R refers to either A or D . The
applied model parameters can be found in the
Supplementary material.
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3.4. Parametric requirements for efficient frequency-decoding

We sought to investigate which parameter regions allow for efficient
high- or band-pass activation. To this end, we employed a multi-start
optimisation scheme for the optimisation of EffH and EffB. In particular,
we examined optimisation results for a maximisation of EffH in the
high-pass model for different parametrisations of a, and for a max-
imisation of EffB in the band-pass model for different parametrisations
of a and d. A global optimum was approximated by running several
thousands of optimisation runs per optimisation problem using the
Nelder-Mead algorithm with different initial values of the optimisation
parameters. The total concentration of each species and the co-
operativities were fixed, all other parameter values were allowed to be
changed by the optimisation.

We found that for all optimisation problems a substantial number of
optimised parameter sets could induce objective values close to the
overall best value found (quantitative information is given in the cap-
tions of Figs. 8 and 9). In order to assess parametric constraints in the
best fits, we selected all parameter sets within a 2-nM-margin from the
overall best objective value for particular optimisation problems and
studied the parameter distributions in these best fits. All selected
parameter sets allow for distinct high-pass or band-pass activation (in
the Supplementary material, distributions of behaviours for the co-
operativity values of a=4 in the high-pass model and a= d=4 in the
band-pass model are presented).

In case of the high-pass model, binding constants are mostly dis-
tributed between 103 nM and 106 nM, well in the physiological range
for enzymes [34]. Further, increases in the cooperativity a lead to a
shift in the binding constant distributions towards lower values, most

prominently in KA’s distribution (Fig. 8 panels E to G). The degradation
rate kP2 is the most confined parameter, indicating a high sensitivity.
Also the model's second degradation rate, kA2, is severely confined for
larger values of a (Fig. 8 panels B and D). In contrast, the corresponding
production rates, kA1 and kP1, show less constraints (Fig. 8 panels A and
C). For all parameter sets capable of inducing efficient high-pass acti-
vation, kP2 was smaller than kP1. However, we found that this relation
was influenced by the model's initial value of D being fixed to a rela-
tively high value of 5000 nM. In this case, the impact of the deactivator
D on decoder inactivation has to be reduced to allow for high-pass
activation. When decreasing the initial concentration of D, we could
also find a few parameter sets leading to efficient high-pass activation
with kP2 > kP1 (for more information, please refer to the Supplemen-
tary material).

For the band-pass model, the parameter values of all binding con-
stants are also distributed between 103 nM and 106 nM in the best fits.
Again, a shift to lower values is observable for increasing cooperativity
coefficients, especially for KA’s and KD’s distributions (Fig. 9 panels G to
J). The degradation rates, kA2 and kD2, were by far the most confined
parameters, indicating a strong influence of these parameters on band-
pass activation in the model (Fig. 9 panels B and D). Furthermore, all
selected parameter sets capable of efficient band-pass activation ex-
hibited kA2-values smaller than the corresponding kD2- and kP2-values
(Fig. 9 panels K and L).

3.5. Restricting parameter ranges in optimisations reveals how decoding
degenerates for suboptimal parameter sets

In the last section, we showed that most parameter values in models

Fig. 6. Increases in cooperativity coefficients pro-
nounce the distinctness in high-pass and band-pass
activation. (A) Rate and binding constant parameters
of the high-pass model were optimised in order to
maximise the high-pass activation efficiency EffH.
Clearly, increases in the cooperativity coefficient a
result in a significant increase in the distinctness of
high-pass activation. (B) Similarly, rate and binding
constant parameters of the band-pass model were
optimised in order to maximise the band-pass acti-
vation efficiency EffB. Increases in the cooperativity
coefficients a and d cause an increase in the dis-
tinctness of band-pass activation. The minimal con-
centration of each curve was scaled to 0% to allow
for a better comparison. Dashed red lines refer to the
applied input period lengths Tfast, Tmed and Tslow. All

optimised parameter sets can be found in the Supplementary material. (For interpretation of the references to colour in this figure legend, the reader is referred to the
web version of this article.)

Fig. 7. Optimisation results for various para-
metrisations of cooperativity coefficients in the high-
pass and band-pass model. Binding and rate con-
stants of the high-pass and band-pass model were
optimised in order to obtain high-pass and band-pass
activation potentials, EH and EB, for different co-
operativity coefficient parametrisations. (A) EH
clearly increases for increasing values of a (black
line). A concatenation of cooperative events further
elevates EH (blue line). (B) EB rises upon simulta-
neous increases in cooperativity coefficients of the
activating and the deactivating model branch (or-
ange, black and grey). Again a concatenation of co-
operative events further elevates the activation po-
tential (orange). Strengthening of either the
activating or deactivating branch alone, does not

lead to an increase in EB (red and blue lines). The minimal concentration of each line was scaled to 0% to allow for a better comparison. For the optimisations, default
values for Tfast, Tmed and Tslow were employed. Optimised parameter sets can be found in the Supplementary material. (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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capable of efficient high-pass or band-pass activation are confined to
specific intervals. Based on this, we wanted to investigate what effects
stronger constraints on parameter values have on the models' fre-
quency-decoding capabilities. We divided the model parameters into
two groups, i.e. rate and binding constants. By increasing the lower
parameter limit and/or decreasing the upper parameter limit, we per-
formed constraint optimisation runs to examine the influence of the
parameters on frequency-decoding.

In both cases, optimisation of high-pass activation in the high-pass
model (a = 4) as well as optimisation of band-pass activation in the
band-pass model (a = d = 4), a constriction of binding constants to
values below 103 nM or above 105 nM results in a decrease in EH and EB,
respectively (Fig. 10 panels A and B). These results are in accordance
with optimal parameter value ranges found in Figs. 8 and 9 for co-
operativities a=4 and a= d=4, respectively.

As for previous optimisations, we set up the algorithm to perform
high-pass and band-pass activation at default period lengths, Tfast, Tmed
and Tslow. Severely lowering the upper rate constant limit, UR, or raising
the lower rate constant limit, LR, causes the models to fail to decode
frequencies at the default period lengths. In particular, a raise in LR
leads to accelerated systems with decoding shifted towards smaller
period lengths T. While a lowering of UR results in slower systems with
decoding shifted towards larger values of T (Fig. 10 panels C to F).

4. Discussion

Frequency-decoding of calcium oscillations was reported for several
proteins [4]. We defined two distinct variants of frequency-decoding,
named high-pass and band-pass activation, that were observed experi-
mentally. A protein performs high-pass activation, if it is strongly

Fig. 8. Parameter distributions of parameter sets capable of efficient high-pass activation. Parameter sets leading to objective values within a 2-nM-margin to an
overall best value were isolated per optimisation problem. Optimisations targeted a maximisation of the high-pass activation efficiency EffH for several para-
metrisations of the cooperativity coefficient a in the high-pass model (Table 3). Circles refer to the mean, crosses to the median of the parameter distributions. KA's
distributions indicates a decrease upon increases in a (E). The degradation rates kP2 and, for higher cooperativity values, also kA2 are the most confined parameters (B
and D). For all analzyed cooperativity values, binding constants are mostly confined to a margin spanning from 103 nM to 106 nM (E to G). Absolute number of
isolated parameter sets for a= 1, 2, …, 6: 638, 982, 981, 483, 408, 344. Number of isolated parameter sets relative to the overall number of parameter sets for a= 1,
2, …, 6: 13.13%, 50.51%, 52.43%, 65.27%, 29.96%, 44.73%. 2 nM relative to the leading objective value for a= 1, 2, …, 6: 1.02%, 0.32%, 0.19%, 0.14%, 0.12%,
0.1%.
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Fig. 9. Parameter distributions of parameter sets capable of efficient band-pass activation. Parameter sets leading to objective values within a 2-nM-margin of an
overall best value were isolated per optimisation problem. Optimisations targeted a maximisation of the band-pass activation efficiency EffB for several para-
metrisations of the cooperativity coefficients a and d in the band-pass model. Circles refer to the mean, crosses to the median of the parameter distributions. The
regulators' degradation rates, kA2 and kD2, are the most confined parameters (B and D). For the binding constants, an optimal margin between 103 nM and 106 nM is
recognisable. A drop in the binding constant distributions is visible upon increases in a and d. This is most apparent for the regulators' binding constants (G to J).
Strikingly, A’s degradation rate is always smaller than D’s and P’s in the isolated parameter sets (K and L). Absolute number of isolated parameter sets for a and d= 1,
2, …, 6: 254, 431, 416, 152, 121, 79. Number of isolated parameter sets relative to the overall number of parameter sets for a= 1, 2, …, 6: 3.12%, 5.88%, 6.28%,
1.88%, 0.76%, 0.28%. 2 nM relative to the leading objective value for a and d = 1, 2, …, 6: 1.04%, 0.33%, 0.19%, 0.14%, 0.12%, 0.11%.
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activated at fast oscillations and only weakly at slow oscillations,
whereas proteins exhibiting band-pass activation feature an optimal
frequency for their activation. Based on a presented optimisation
scheme, we maximised the distinctness of both frequency-decoding
modes in order to analyse the decoding capability of models as well as
to quantify favourable parameter margins for efficient decoding given
specific conditions.

With respect to the transcription factor NFAT, experimental studies
suggest a band-pass activation mechanism for its gene expression ac-
tivity [4,10]. By means of a model of NFAT activation in the cytosol, we
could show that band-pass activation at experimentally observed fre-
quencies was reproducible given an antagonistic, oscillator-driven
regulation was implemented. Since NFAT's translocation to the nucleus
is actually activated by calcium-dependent calcineurin [14,31] and
inhibited by calcium-dependent CaMKII [17,18], we assume antag-
onistic, calcium-dependent regulation to be also a requirement for
NFAT's band-pass activation in real cells.

On the basis of a model by Goldbeter et al. [33] and results gained
with the NFAT model, we constructed minimal models for high-pass
and band-pass activation. While in the high-pass model only the acti-
vation of a decoder protein is calcium-dependent, in the band-pass

model deactivation is also dependent on calcium. It was found that the
band-pass model can also work as a high-pass decoder given a suitable
parameter set, whereas the high-pass model, lacking the necessary
antagonistic, oscillator-dependent regulation, cannot achieve band-pass
activation (presented in the Supplementary material). Therefore, we
once more conclude that antagonistic, oscillator-dependent regulation
is a requirement for more complex decoding capabilities.

We demonstrated, how increases in the cooperativity strength leads
to an increase in the models' frequency-decoding potentials. With re-
spect to the band-pass activation model, only a balanced increase in the
cooperativites of the activating and deactivating branch raises the
band-pass potential EB. Increasing only the cooperativity in one branch
does not benefit the distinctness of band-pass activation. The need for a
balance of forces in the band-pass model underlines the premise of
antagonistic, oscillator-dependent regulation for band-pass activation.
In addition, we found a concatenation of cooperative activation events
to be most powerful in raising high-pass as well as band-pass decoding
potentials. It might be possible that concatenative effects play a role in
activation mechanisms employing calmodulin as an intermediary. Thus,
cooperative activation of calmodulin by binding of calcium ions [35]
followed by cooperative activation of a calmodulin substrate by binding

Fig. 10. Effect of constraint rate and binding con-
stant parametrisation in high-pass and band-pass
activation. Binding and rate constants were opti-
mised in optimisation runs targeting either a max-
imisation of EffH in the high-pass model (A, C and E)
or a maximisation of EffB in the band-pass model (B,
D and F). In A and B, the models' binding constants
were only allowed to vary in a margin spanning from
LB to UB. In both instances, a constriction of binding
constants to values outside of an optimal margin
roughly spanning from 103 nM to 105 nM leads to a
decline in EH and EB. In C to F, the models' rate
constants were only allowed to vary in a margin
spanning from either 0 to UR or LR to 105 s-1. Severe
constriction of rate constants results in models being
unable to perform frequency-decoding over the de-
sired bandwidths determined by the set period
lengths Tfast, Tmed and Tslow. Raising LR causes an
acceleration of the systems and a subsequent shift of
decoding towards smaller values of T (C and D),
whereas lowering UR causes a slowdown and a sub-
sequent shift of decoding towards larger values of T
(E and F). The minimal concentration of each curve
was scaled to 0% to allow for a better comparison.
All optimised parameter sets can be found in the
Supplementary material.
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of calmodulin‑calcium complexes [22,36] could result in a significantly
increased frequency-decoding capability. Generally, we believe that
cooperative activation, as commonly observed among decoders of cal-
cium oscillation frequency [22–24], might have been emerged in the
course of evolution to pronounce frequency-selective behaviour.

In-depth analyses of parameter sets capable of efficient high-pass or
band-pass activation for different parametrisations of cooperativity
coefficients yielded the identification of parametric constraints neces-
sary to perform distinct frequency-decoding. Particularly, binding
constant parameters were confined to a margin between 103 nM and
105 nM, well in the range of comparable parameters in physiology [34].
Furthermore, efficient band-pass activation in the band-pass model
required kA2 values lower than the corresponding kD2 and kP2 values.
The resulting time scale separation in the band-pass model is in line
with our initial guess for the generation of band-pass activation, as
described in the results.

In addition, we analysed the effect of unfavourable parametrisation
constraints in optimisations of high-pass and band-pass efficiencies. For
both, a parametrisation of binding constants outside of the described
optimal interval resulted in decreased high-pass and band-pass poten-
tials. The models were not able to reproduce frequency-decoding as
efficiently as before. When constricting rate constants to larger values,
the system was accelerated, causing it to shift its frequency-decoding
towards higher frequencies. The opposite was observed upon con-
stricting the rate constants to smaller values. Thus, a severe constriction
of rate constants leads to systems failing to exhibit distinct frequency-
decoding over a desired bandwidth, as defined by Tfast, Tmed and Tslow.
As a conclusion, rate constant parametrisation is directly dependent on
the targeted bandwidth for frequency-decoding. We believe, it is likely
that bandwidths usable in frequency-decoding are constrained by
physiological boundaries in cells. On the one hand very slow band-
widths cannot be unlocked, since systems must not be too slow for
signal processing. After all decoding is bound to occur on a reasonable
time scale. On the other hand very fast bandwidths remain out of range,
since a system fast enough for decoding, would likely require excessive
amounts of energy.

Although band-pass activation driven by calcium oscillations has
not been reported for other proteins except for NFAT, we expect further
proteins to indicate a similar behaviour. Antagonistic, calcium-depen-
dent control was found to be a major requirement for the existence of
band-pass activation and indeed several reports identified calcium-de-
pendent kinase-phosphatase couples as common regulators of signalling
pathways: Runyan et al. showed how calcineurin and CaMKII modulate
working memory [37], Wen et al. demonstrated how calcineurin and
CaMKII switch growth cone guidance control in axons [38] and Nasipak
et al. found PKC and calcineurin to have opposing roles in skeletal
muscle differentiation [39]. This does not mean that band-pass acti-
vation is definitely present in these pathways, yet it exemplifies that
antagonistic, calcium-dependent regulation is a common motif in cells.
Compared to high-pass activation, band-pass activation is much pre-
ciser in regulating the activities of several calcium-dependent proteins
in parallel. Particular bandwidths of calcium oscillations could be as-
sociated with activating only a certain subset of proteins, while entirely
different subsets of proteins could be activated at faster and slower
bandwidths. Especially in terms of the control of proteins exerting op-
posing cell functions like proliferation and apoptosis or having a high
toll in terms of energy consumption, a tightly controlled, differential
activation mechanism would offer considerable advantages.

Finally, we would like to note that our workflow is not limited to the
study of calcium frequency-decoding but can also be very useful for the
testing for other model characteristics in signalling systems.
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