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Abstract—We introduce an information-theoretic framework
for studying cellular calcium signaling. Mutual information is
used to define the differential activation of proteins in response
to different calcium signals to provide an operational definition
of the frequently used term specificity. Using optimisation proce-
dures this framework allows us to explore the biochemical deter-
minants of calcium decoding, which are key for understanding
molecular communication processes in cells.

Index Terms—calcium, mutual information, signalling, speci-
ficity, calmodulin

I. INTRODUCTION

In order to adapt to their environment, cells must detect
multiple environmental changes and react with an appropriate
stimulus-specific response. Almost every aspect of plant and
animal cellular life uses intracellular free calcium (Ca2+) [1]
as so-called secondary messengers to transmit information
about the primary stimuli. A major question in the field
of Ca2+ signaling is therefore how one ion can encode so
many different responses. The Ca2+ signature hypothesis [2]
suggests that information about the stimulus is encoded in the
spatiotemporal patterns of intracellular Ca2+ concentration,
which are then decoded by calcium-binding proteins. Although
this hypothesis has found experimental support in several
systems [1], the question about how specificity of different
Ca2+ signals is achieved remains open. Calcium signaling
is thought to transmit information about a stimulus (e.g.
temperature change, salt stress, wounding, pathogens, etc.)
to initiate an appropriate response. Here, we formalise the
problem of calcium signaling in the context of information
theory [3], [5]–[7], defining specificity by the mutual infor-
mation [4], [8] between Ca2+ signals and the states of the
Ca2+-binding proteins, Fig. 1. We explore basic properties and
consequences of using this framework and investigate how this
approach might be implemented biochemically using binding
polynomials.
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Fig. 1. Towards a definition for the specificity of calcium signaling. The
calcium signature hypothesis [2] states that information encoded in the
spatiotemporal pattern of free calcium leads to the differential activation of
downstream targets. Calcium signal: the profile of the concentration change
can vary in amplitude, duration, shape; it can be a transient change (as shown
here) or oscillate. Protein Activation: Calcium can bind to some protein,
thereby taking them from an inactive to an active form. Specificity: the
conditional activation probabilities show a correspondence between different
calcium signals and proteins.

II. MUTUAL INFORMATION AS A MEASURE OF SPECIFICITY

We focus on the interaction between Ca2+ signals and their
decoding proteins, Fig. 1. In this context, specificity means
that for each calcium signal activates only one protein. In
order for a Ca2+ signal to be specific it needs to be able
to preferentially bind to one out of a given set of proteins.
Thus, specificity will occur if calcium-binding proteins can
distinguish different calcium signals, or, symmetrically, if
knowing the calcium signal allows the activated protein to be
determined. The above considerations can be captured using
mutual information, I(X;Y ). We define X as the set of all
proteins, X = {x|x ∈ {A,B,C, . . .}} and Y as the set of
Ca2+ signals, Y = {y|y ∈ {1, 2, 3, . . .}}, Fig. 1. P (X|y) is
the probability distribution over X for a given signal, y, and
P (x|y) the probability of protein x being active given the sig-



nal y. The mutual information I(X;Y ) = H(X)−H(X|Y )
can be written as

I(X;Y ) = −
∑
x

P (x) logP (x)−
∑
x,y

P (x|y)P (y) logP (x|y).

(1)
A simple model which assumes one maximally activated
protein, Pmax(x|y), for each Ca2+ signal, y, with other
activated proteins all having the same level, Pmin(x|y), for
a different number of proteins, N , shows that mutual in-
formation converges towards logN for increasing ratios of
selectivity for activated proteins. The precise mechanisms
underlying protein activation by Ca2+ are still being actively
researched, so we will test several available models to define
response probabilities. By optimising the mutual information
between calcium signals and activated proteins we can find the
biochemical determinants of specificity. We start with binding
polynomials.

III. MODELS FOR THE ACTIVATION OF PROTEINS BY CA2+

We tested different Ca2+-sensor interaction models. Many
models exist for Ca2+ binding to proteins but the main features
can be captured well using binding polynomials [9]. The
binding polynomial, Q, for the binding of a protein to four
Ca2+ ions can be defined as

Q(c) = 1 +K1c+K2c
2 +K3c

3 +K4c
4, (2)

where c is the Ca2+ concentration and the Kis are the
equilibrium association constants. Different models can be
extracted as specific cases from this framework, such as
independent and cooperative binding. Ratios for bound pro-
teins can be computed from p(i) = Kic

i/Q(c). Many Ca2+

decoding proteins contain four binding sites for Ca2+. The
common assumption that all binding sites need to be occupied
for activation, leads to monotonously increasing activation
functions, seemingly in conflict with calcium signals being
specific in that proteins requiring high Ca2+ concentrations
will also saturate and active proteins that bind Ca2+ at lower
concentrations. However, as has been pointed out previously
[10], fewer than four Ca2+ ions can also activate proteins. In
Fig. 2 we show the case of two Ca2+ ions being sufficient
for activation but postulating that further saturation leads to
inactivation. This allows for preferential activation of different
proteins for different Ca2+ levels.

To account for the duration of a Ca2+ signal, we consider
the activation of protein A though autophosphorylation which
can be described by

AP (t) = A∗(1− exp(−kcat[ATP]t/(KM + [ATP])), (3)

where AP is the autophosphorylated active form of protein
A, A∗ is the calcium bound state, [ATP] is ATP concentration,
kcat the catalytic rate constant, and KM the Michaelis-
Mention constant. Using this model for autophosporylation
and binding polynomials for Ca2+ binding defines the param-
eters for the optimisation of mutual information.
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Fig. 2. By associating unsaturated states of a protein with activation and
saturated states with inactivation, the response curves can be optimised to
given Ca2+ levels. The response of three proteins are shown with different
dissociation constants for their Ca2+ binding sites as a function of Ca2+
concentration. The proteins are activated by binding two and only two Ca2+
ions.

IV. CONCLUSIONS AND PERSPECTIVES

Using the presented framework of information theory for
Ca2+- signaling, we can compute the limits of specificity of
different scenarios and determine key biochemical parameters
for maximising channel capacity (optimising mutual informa-
tion as a function of the input signals for fixed biochemical
parameters). By using mutual information as a measure of
specificity, we can capture characteristics that enable the acti-
vation of one sensor over another. We systematically compare
different sets of proteins and calcium signals at the same
time and explore determinants of specificity using optimisation
procedures.
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