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Abstract Oscillations of the intracellular concentration

of Ca2? in cultured HEK-293 cells, which heterologously

expressed the calcium-sensing receptor, were recorded

with the fluorophore Fura-2 using fluorescence microscopy.

HEK-293 cells are extremely sensitive to small perturba-

tions in extracellular calcium concentrations. Resting cells

were attached to cover slips and perifused with saline

solution containing physiologically relevant extracellular

Ca2? concentrations in the range 0.5–5 mM. Acquired

digitized images of the cells showed oscillatory fluctua-

tions in the intracellular Ca2? concentration over the time

course, and were processed as a function of the change in

Fura-2 excitation ratio and frequency at 12–37�C. Newly

developed data processing techniques with wavelet analy-

sis were used to estimate the frequency at which the

rectified sinusoidal oscillations occurred; we estimated

*4 min-1 under normal conditions. Temperature varia-

tions revealed an Arrhenius relationship in oscillation

frequency. A critical Ca2? concentration of *2 mM was

estimated, below which oscillations did not occur. These

data were used to develop a kinetic model of the system

that was simulated using Mathematica; kinetic parameter

values were adjusted to match the experimentally observed

oscillations of intracellular Ca2? concentration as a func-

tion of extracellular Ca2? concentration, and temperature;

and from these, limit cycles were obtained and control

coefficients were estimated for all parameters.
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Abbreviations

1D One-dimensional

2D Two-dimensional

ATP Adenosine triphosphate

CaR Calcium sensing receptor

Cf
p Control coefficient, frequency with respect to

parameter value

DOG Derivative of a Gaussian

EGTA Ethylene glycol tetra acetic acid

ER Endoplasmic reticulum

GTP Guanosine triphosphate

HEK-293 Human embryonic kidney cells, Graham’s

experiment number 293

IP3 Inositol trisphosphate

IP3R IP3 receptor

Kd Dissociation constant

KM Michaelis constant

PKC Protein kinase C

PMCA Plasma membrane Ca2?-ATPase

SERCA Sarcoplasmic/endoplasmic reticulum

Ca2?-ATPase

t Time
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Introduction

There has been much recent interest in the oscillations in

cellular Ca2? concentrations in various cell types brought

about through interactions with extracellular Ca2? (Marhl

et al. 2008; Breitwieser 2006; Sneyd et al. 2003). Cyto-

plasmic Ca2? in human embryonic kidney (HEK)-293 cells

exchanges with endoplasmic reticulum (ER) and mito-

chondrial stores, and undergoes regulated influx and efflux

with the extracellular space (Breitwieser and Gama 2001).

Excess Ca2? is either transported out of the cell or pumped

back into intracellular stores. Changes in cytoplasmic Ca2?

concentration constitute regulatory signals in cellular

mechanisms that control the magnitude and frequency of

variations in cytoplasmic Ca2? concentration. In human

plasma, the Ca2? concentration is normally held in the

range 1.1–1.3 mM, and the total intracellular Ca2? con-

centration varies between 0.1 and 0.5 mM; however,

the free intracellular Ca2? concentration is much lower

(Conigrave et al. 2004). In addition to replenishing intra-

cellular Ca2? via influx through transporters and/or ion

channels, extracellular Ca2? serves as a first messenger,

stimulating the plasma-membrane-localized calcium-

sensing receptor (CaR) (Breitwieser 2006). The CaR in

HEK-293 cells responds to elevated extracellular Ca2?

concentration by inducing a signaling cascade that causes

short-term dynamic increases in cytoplasmic Ca2? as

intracellular stores are depleted. The low affinity of the

CaR for extracellular Ca2? (apparent Kd & 2.5 mM)

implies that it is adapted to sensing small variations in

extracellular Ca2? concentration (Mun et al. 2004). Inter-

estingly, activation of the CaR by elevated Ca2? induces

time-dependent variations in Ca2? concentration (Breit-

wieser 2006; Falcke 2004).

We aimed to determine the effect of different tempera-

tures and extracellular Ca2? concentrations on time-

dependent cytoplasmic Ca2? fluctuations with a view to

establishing a model to aid in elucidating the molecular

and organelle-dependent basis of Ca2?-induced Ca2?

oscillations.

Fura-2 is a fluorophore that binds to free intracellular

Ca2? with a high affinity (Kd & 0.2 lM); it is excited at a

wavelength of 380 nm for the unbound form, and 340 nm

for the Ca2?-bound form; and the excitation ratio of the

emission intensities at these wavelengths is directly corre-

lated with the concentration of intracellular Ca2?. The use

of the fluorescence ratio affords independence from factors

such as fluorophore concentration, autofluorescence,

microscope focus drift, and background light. This makes

Fura-2 experimentally useful for the detection of changes in

intracellular Ca2? in CaR-expressing HEK-293 cells. A

proposal for the pathways by which extracellular Ca2?

binding to the CaR mediates changes in cellular Fura-2

fluorescence is given in Fig. 1 (Breitwieser 2006; Skupin

and Falcke 2007).

Wavelet analysis is a relatively new data processing

method that exploits the Fourier transform (Torrence and

Compo 1998). The discrete wavelet transform represents a

one-dimensional (1D) time series as a two-dimensional

(2D) image, where the frequency components of a time

series can be localized to every temporal domain. Since the

data obtained in the current study were not purely sinu-

soidal, several artifacts emerged upon Fourier transforma-

tion. The discrete wavelet transform is preferable to the

direct Fourier transform since many of the known artifacts

in signal analysis can be eliminated, and visualization of

small variations in frequency over the entire temporal

domain can be achieved without the need for multiple

computations.

Using wavelet analysis we were able to estimate the

frequency of ratiometric oscillations in Fura-2 using fluo-

rescence microscopy. The pathways for CaR-induced

Fig. 1 Pathways for calcium-sensing receptor (CaR)-mediated induc-

tion of intracellular Ca2? oscillations. Ca2? activates the CaR,

causing coupling to and activation of the heterotrimeric GTP binding

protein Gq, which activates phospholipase C (PI-PLC), leading to

production of inositol 1,4,5-trisphosphate (IP3), which can activate

IP3 receptors (IP3R) located on intracellular membranes, releasing

stored Ca2?. Increased intracellular Ca2? is either pumped back into

stores via a thapsigargin-sensitive pump (TP), or out of the cell via the

plasma-membrane-localized Ca2?-ATPase (PMCA). In restricted

extracellular spaces, extracellular Ca2? may increase as a result of

PMCA activity, potentiating CaR activation. Ca2?-induced oscilla-

tions are sinusoidal, on an elevated baseline of intracellular Ca2?

concentration. Oscillations may be the result of PKC-mediated

phosphorylation of CaR and cyclical production of IP3. The area

enclosed by the dashed-outline grey box is a pathway for the influx of

Ca2? into the cytosol. The CaR senses L-phenylalanine, which

induces the recruitment of transient receptor potential cation channel,

subfamily C, member 1 (TRPC1) to the lipid bilayer, which allows

influx of Ca2? (Breitwieser 2006)
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intracellular Ca2? oscillations reported by Breitwieser

(2006) were modeled, and parameter values were adjusted

to give output that was consistent with our experimental

findings. This model provided an experimental tool that

is capable of predicting Ca2? oscillatory features under

diverse conditions, leading to a better understanding of the

mechanisms of CaR operation and its effect on cytoplasmic

Ca2? concentration.

There has been recent interest in modeling the oscil-

lations brought about by Ca2?-induced Ca2? release

inside nonexcitable cells (Sneyd et al. 2003; Fioretti et al.

2005; Baker et al. 2002; Hofer 1999; Kusters et al. 2007).

Predictions made by previous models included identify-

ing factors that cause the oscillations (Fioretti et al.

2005; Baker et al. 2002). This type of modeling is less

appealing since the primary oscillatory response is

directly determined by the modeler driving the system

with oscillations of an input solute, rather than allowing

the oscillations to emerge from feedback and feedforward

control processes. For example, to show that Ca2?

oscillations are caused by binary switching of the activity

of CaR, the programmer could assign a time-dependent

binary function on the rate constant describing the for-

ward reaction of the CaR, upon sensing Ca2?. This would

lead to intracellular Ca2? oscillations, provided that the

other parts of the model accommodated this feature

appropriately. While this type of model would show that

Ca2? oscillations were caused by the dynamics of the

CaR, it is not necessarily an accurate representation of the

real system.

A model needs to be built upon a reaction scheme that

represents the current consensus on the pathways of

interest. The predictions drawn from it should not rely on

the design of the model, but rather the consequences of

simulating it. To our knowledge, an accurate model rep-

resenting the HEK-293 cell, and in particular the reaction

scheme proposed by (Breitwieser 2006), does not exist. In

the present work, we devised a system of first- and vari-

able-order kinetic equations to describe this system. Model

parameters were adapted from existing work or fitted to

experimental data. In constructing this model, we aimed to

make experimentally testable predictions which would lead

to a greater understanding of the CaR system, which have

not been achieved through other types of theoretical anal-

yses and experiments.

Materials and methods

HEK-293 cell culture procedure

The methods used to derive the clone of HEK-293 cells

that stably expressed the CaR are described in Mun et al.

(2004); an outline of the methods, relevant to the present

study, follow.

pcDNA3.1(?) (Invitrogen, Carlsbad, CA) containing

the wild-type human CaR [cassette version, Bai et al.

(1996)], was the gift of Dr. Mei Bai and Professor Edward

Brown (Endocrine-Hypertension Division, Brigham and

Women’s Hospital, Boston, MA).

Transfection-grade DNA was prepared using the High-

speedTM midi kit (Qiagen, Valencia, CA). HEK-293 cells

were cultured in Dulbecco’s modified Eagle’s medium

(Invitrogen) containing 10% fetal bovine serum. When the

cells reached 90–95% confluence, they were transfected

with wild-type CaR expression constructs using Lipofect-

amine 2000TM (Invitrogen). A given amount of plasmid

DNA was diluted in Dulbecco’s modified Eagle’s medium,

mixed with diluted Lipofectamine 2000TM, and allowed to

complex at room temperature for 20 min before being

added to HEK-293 cells in plates.

HEK-293 cells were maintained in 25 cm2 culture flasks

and transfected with 8 lg of the wild-type CaR expression

constructs using Lipofectamine 2000TM according to the

manufacturer’s instructions (Invitrogen). After 24 h, cells

were transferred to 24-well plates and grown for a further

24 h. Selection of stable transformants was then carried out

in the presence of 100–400 lg mL-1 geneticin (Invitro-

gen). Individual resistant clones were isolated 3 weeks

later, screened by aequorin luminescence for activity, and

subsequently studied by microfluorimetry using Fura-2

(Mun et al. 2004).

The aequorin luminescence screening assay used to

identify CaR-expressing HEK-293 cell clones for further

analysis was performed as described previously (Tan et al.

2003). HEK-293 cells that had been transfected with the

wild-type CaR were cultured on glass coverslips in Dul-

becco’s modified Eagle’s medium, 10% fetal bovine serum

in 6-well plates, and loaded with Fura-2AM (5 lM, 2 h;

37�C) in physiological saline solution containing 125 mM

NaCl, 4.0 mM KCl, 1.0 mM CaCl2, 1.0 mM MgCl2,

20 mM HEPES (NaOH, pH 7.45), NaH2PO4 0.8 mM,

5.6 mM D-glucose, 1 mg mL-1 bovine serum albumin.

After 2 h the Fura-2-containing solution was removed, and

the cells were resuspended in physiological saline for

30 min at 37�C. The control perifusion solution had the

following composition: 125 mM NaCl, 4.0 mM KCl,

0.5 mM CaCl2, 1.0 mM MgCl2, 20 mM HEPES (NaOH),

0.1% D-glucose, pH 7.45. The coverslip was fixed into a

perfusion chamber, and perifused with this medium using a

Gilson peristaltic pump (Paris, France) at a flow rate of

*1.1 mL min-1 with Ca2? concentrations between 0.5

and 10 mM, in the temperature range 12–37�C. Fluores-

cence excitation was performed using alternating wave-

lengths (340 and 380 nm), and detection of emitted light

at *510 nm was performed as previously described
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(Bradbury et al. 1996). The fluorescent images were

recorded on a Zeiss Axiovert 200 M microscope using a

monochrome HSm digital camera (Zeiss, Oberkochen,

Germany) with a 639 Zeiss long working-distance objec-

tive. Region-of-interest excitation ratio data were extracted

using Stallion software (Intelligent Imaging Innovations,

Denver, CO) and subsequently processed using Mathem-

atica (Wolfram Research, Champaign, IL) (Wolfram 2007).

Data for cytoplasmic free-Ca2? concentrations were exp-

ressed as either uncorrected excitation ratios (340 nm/

380 nm) or converted to ionized Ca2? concentration using a

calibration procedure. With fluorescence emission detection

set at 510 nm, the Fura-2 excitation ratio (340 nm/380 nm)

was used as a measure of intracellular [Ca2?]. The ratio data

obtained were calibrated using the equation (Grynkiewicz

et al. 1985)

½Ca2þ� ¼ Kd

ðR� RminÞ
ðRmax � RÞ

Sf2

Sb2

; ð1Þ

where Kd = 224 nM (dissociation constant for Ca2?/Fura-

2 complex), R is the observed fluorescence ratio, Rmin is the

minimum fluorescence ratio, Rmax is the maximum fluo-

rescence ratio, Sf2 is the fluorescence reading obtained at

380 nm in the absence of Ca2?, and Sb2 is the fluorescence

reading obtained at 380 nm in the presence of saturating

concentrations of Ca2? ions (i.e., C100 lM). Rmin and Sf2

were estimated using Ca2?-free solution that contained

5 mM EGTA and 2 lM ionomycin. Rmax and Sb2 were

determined using a solution that contained 2 lM ionomy-

cin, 10 mM CaCl2, and no EGTA.

Theory of methods

Because the wavelet transform is formally derived from the

Fourier transform, it is useful to give an outline of the

Fourier transform, in the present context.

Fourier transform

The Fourier transform is a linear operator that maps one

function of a given independent variable (time) onto

another function of a so-called conjugate variable (fre-

quency) (Butz 2006; Bracewell 1999). The Fourier trans-

form decomposes a function into a continuous spectrum of

its frequency components, and the inverse transform syn-

thesizes a function from its spectrum of frequency com-

ponents. Similarly, the discrete Fourier transform maps a

time series onto a finite spectrum of its frequency com-

ponents (Butz 2006; Bracewell 1999).

The Fourier transform of a complex-valued Lebesgue-

integrable function, x(t) is defined in discrete-series pro-

cessing, as the function:

Xðf Þ ¼
Z1

�1

xðtÞe�i2pftdt; ð2Þ

for every real number f.

When the independent variable t represents time (with

SI unit of seconds), the transform variable f represents

ordinary frequency (in Hertz). The complex-valued func-

tion, X is said to represent x in the frequency domain, i.e., if

x is a continuous function, then it can be reconstructed

from X by the inverse transform:

xðtÞ ¼
Z1

�1

Xðf Þei2pftdf ; ð3Þ

for every real number t, and premultiplied by a scaling

parameter that is not given here.

The interpretation of X is aided by expressing it in polar

coordinate form:

Xðf Þ ¼ Aðf Þe�i/ðf Þ; ð4Þ

where

Aðf Þ ¼ Xðf Þj j ð5Þ

is the amplitude, and

Uðf Þ ¼ AngleðXðf ÞÞ ð6Þ

is the phase.

Then the inverse transform can be written:

xðtÞ ¼
Z1

�1

Aðf Þeið2pftþUðf ÞÞdf ; ð7Þ

which is a recombination of all the frequency components

of x(t). Each component is a sinusoid expressed in complex

form, ei2pft, whose amplitude is A(f) and whose initial phase

angle (at t = 0) is U(f).

Wavelet transform

It is important in many situations, however, to obtain the

temporal structure of the frequency content of a time series

in a transparent way. One way to obtain both time and

frequency localization is to use a windowed Fourier

transform. As the name suggests, the signal is multiplied by

a window function b(t - t0), where b(t) is nonzero only in

a finite region at and beyond t = 0. Then the Fourier

transform of x(t) b(t - t0) is:

X̂ðf ; t0Þ ¼
Z1

�1

xðtÞbðt � t0Þe�iftdt: ð8Þ

This gives the frequency content of the signal near

t = t0. It is clear that only the signal around t = t0

152 Eur Biophys J (2009) 39:149–165
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contributes to X̂ðf ; t0Þ; since this is the part of the signal

that is ‘‘seen’’ through the window and the rest is cut off by

the function b(t). As the window is moved along the time

axis, different parts of the signal are seen, and this gives a

time-frequency description of f(t).

Generally, a discrete wavelet transform is described as a

windowed Fourier transform, where the frequency com-

ponents of a time series are localized to every temporal

region; and it yields a higher level of confidence in the

interpretation of the transformed data.

The continuous wavelet transform of a discrete sequence

xn is defined as the convolution of xn with a scaled and

translated version of w0(t), the ‘‘mother’’ wavelet (Torrence

and Compo 1998):

WnðsÞ ¼
XN�1

n0¼0

xn0w
� ðn0 � nÞdt

s

� �
; ð9Þ

where N is the total number of points in the time series, w is

the mother wavelet function scaled by the real factor s and

translated along the localized time index n, dt is the time

separation between points in the series; and asterisk

denotes the complex conjugate of the respective function.

By varying n and s through appropriate ranges, we con-

struct an image showing both the amplitude of any features

versus the wavelet scale.

Convolution function

The choice of the mother wavelet, w0(t), is to some

extent arbitrary but the particular choice is very impor-

tant as it determines the features that are enhanced after

its convolution with the data. In the present work we

used the Morlet wavelet (Goupillaud and Grossman

1984) but there are several well-established wavelet

functions from which to choose; the Morlet and deriva-

tive of a Gaussian (DOG) wavelets are illustrated in

Fig. 2.

Performance testing of wavelet transform

To illustrate the importance of the correct choice of

wavelet function, a synthetic time series was created to

resemble the structure of the data obtained from our

experiments (Fig. 3). The recycle time (dt) was set to

1 Hz and a sinusoidal signal of frequency 0.0625 Hz was

applied for an interval of 8 s, followed by a delay of 24 s.

This was repeated for 14 min to give a time series with

sufficient information to yield a high-resolution Fourier

transform. Essentially, this time series is described as a

sine wave with a wavelength of 16 s sampled to p radians

(half of a wave), with a gap between peaks of 32 s. Note

that an increased sample size of a time series does not

enhance the resolution of a wavelet transform, however

insufficient sample size does limit the number of choices

of the wavelet scale, since complete wavelet convolution

would not occur in regions of interest if the time interval

were too short. If the time series is limited in length, the

outcome of the analysis may be improved by postpadding

the data with zeroes.

In conclusion, discrete wavelet transform analysis, as

shown in Fig. 3, using the advantages of the Morlet

wavelet was deemed appropriate to process the data

obtained from our microscopy experiments.

We note that this type of analysis allows comment on

the temporal stability of the frequency of the oscillator.

This is a subject of considerable current interest since a

recent model is primarily directed at possible stochastic

excitation of the oscillator (Skupin and Falcke 2007). In

agreement with this is a recent study which focuses on

Fourier-transform-derived data analysis of intracellular

Ca2? oscillations in hepatic cells (Perc et al. 2008).

Model design

For the pathways presented in Breitwieser (2006) and

Falcke (2004) we devised a system of kinetic equations:

Fig. 2 Two different wavelet bases of both the real (solid) and

imaginary (dashed) parts of (a) the Morlet wavelet, whose equation is

p1=4eix0te�t2=2 with x0 = 6, and (b), the derivative of a Gaussian

(DOG) wavelet, whose equation is
ð�1Þmþ1ffiffiffiffiffiffiffiffiffiffiffiffi

Cðmþ1
2
Þ

p dm

dtm e�
t2

2 Þ
� �

with m = 2.

Note that the DOG has no imaginary part, only a real part
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�!v1
S1 þ E1Sc

2 �
k1

k�1

S1E1Sc
2

S1E1Sc
2�!

k2
S1 þ E1Sc

2 þ S2�!
v2

cS2 þ E1 �
k3

k�3

E1Sc
2

E2 þ S2 �
k4

k�4

E2S2

S3 �
k5

vSERCA

S4�!PMCA
;

ð10Þ

where we interpreted v1 as the rate with which Ca2? is

supplied to the pool of S1; this represents the extracellular

Ca2? concentration that is available to interact with the

CaR; E1 is the CaR; S2 is the cytoplasmic inositol

trisphosphate (IP3); k1 and k-1 are the rate constants that

characterize the equilibration between extracellular Ca2?

and Ca2? bound to the CaR; k2 characterizes the rate of

the signaling cascade between Ca2? bound to the CaR

and IP3 formation; v2 is the rate at which cytoplasmic IP3

decomposes; k3 and k-3 describe the reaction of the

intracellular IP3 with the CaR; c is the cooperativity index

describing the interaction between IP3 and the CaR; E2

is the IP3R; k4 and k-4 are the rate constants that

characterize the equilibration of cytosolic IP3 and IP3

bound to the IP3R; S3 is Ca2? in the ER; S4 is the Ca2? in

the cytosol; k5 is the rate constant describing the efflux of

Ca2? in the ER to the cytosol; vSERCA represents the

Michaelis-Menten equation describing the flux of Ca2?

through the endoplasmic reticulum Ca2?-ATPase (SERCA);

and vPMCA is the Hill equation describing the flux of Ca2?

through the plasma membrane Ca2?-ATPase (PMCA).

The fluxes vSERCA and vPMCA are characterized by the

following equations:

vSERCA ¼
VSERCA½S4�

KSERCA þ ½S4�
1

½S3�
;

vPMCA ¼
VPMCA½S4�/

KPMCA þ ½S4�/
;

ð11Þ

where VSERCA and KSERCA are the Vmax and KM of the

SERCA, respectively; VPMCA and KPMCA are the Vmax and

KM of the PMCA, respectively; and u is the Hill coefficient

for the PMCA (Albrecht et al. 2002). The term 1/[S3] in

vSERCA is included since experimental evidence suggests

that the rate of SERCA pumping is negatively modulated

by Ca2? in the cytosol (Sneyd et al. 2003).

In combination, these schemes for the induction of the

activity of the CaR by extracellular Ca2? give a set of rate

equations that describe the evolution of the system in time.

Thus, according to the law of mass action and the law of

mass conservation (Mulquiney and Kuchel 2003), the

reactions in Eq. 10 are described by the set of simultaneous

nonlinear differential equations:

Fig. 3 Tests of performance of Fourier and wavelet transforms on

synthetic periodic data. a Synthetic time series with 0.0625-Hz

sinusoidal half-wave oscillations occurring in bursts every 32 s, b
Fourier transform, and wavelet transforms of this time series

calculated using c the Morlet wavelet (with wavelet number 6) and

d the DOG mother wavelet with the second derivative. Blue color in

the wavelet transform denotes zero to low power, white denotes

midlevel power, and red denotes the maximum power of the signal.

The dull blue in the top corners delimits the ‘‘cone of influence’’ or

the areas of no significance due to incomplete wavelet convolution

(Torrence and Compo 1998)
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½Ca� ¼ ½Cap�;
d½S1�

dt
¼ v1ð½Ca�Þ � Vc

Ve

k1½S1�½E1Sc
2�

þ Vc

Ve

k�1½S1E1Sc
2� �

Vc

Ve

q
VPMCA½S4�/

K/
PMCA þ ½S4�/

;

d½S2�
dt
¼ k1½S1E1Sc

2� � k3½E1�½S2�c þ ck�3½E1Sc
2�

� v2ð½S2�Þ þ k�4½E2S2� �
VER

Vc

k4½E2�½S2�

d½S3�
dt
¼ Vc

VER

VSERCA½S4�
KSERCA þ ½S4�

1

½S3�
� bk5½S3�b½E2S2�;

d½S4�
dt
¼ � Vc

VER

VSERCA½S4�
KSERCA þ ½S4�

1

½S3�
� VPMCA½S4�/

K/
PMCA þ ½S4�/

þ VER

Vc

bk5½S3�b½E2S2�;

d½E1Sc
2�

dt
¼ �Ve

Vc

k1½S1�½E1Sc
2� þ ðk�1 þ k2Þ½S1E1Sc

2�

þ k3½E1�½S2�c � k�3½E1Sc
2�;

d½S1E1Sc
2�

dt
¼ Ve

Vc

k1½S1�½E1Sc
2� � ðk�1 þ k2Þ½S1E1Sc

2�;

d½E2S2�
dt

¼ � Vc

VER

k�4½E2S2�½S4� þ
Vc

VER

k4½E2�½S2�;

d½E1�
dt
¼ �k3½E1�½S2�c þ k�3½E1Sc

2�;

d½E2�
dt
¼ k�4½E2S2� �

Vc

VER

k4½E4�½S2�; ð12Þ

where t is time; [Ca] is the concentration of the pool of

extracellular Ca2?; [Cap] is the concentration of the per-

fused Ca2? (highly buffered); [S1] is the concentration of

the fraction of extracellular Ca2? available for interaction

with the CaR; [S2] is the concentration of cytoplasmic IP3;

[S3] is the concentration of Ca2? in the ER; [S4] is the

concentration of Ca2? in the cytosol; [E1] is the concen-

tration of free CaR; [E2] is the concentration of free IP3R;

Vc is the cytoplasmic volume fraction; Ve is the extracel-

lular volume fraction; VER is the ER volume fraction; c is

the cooperativity index; b is a stoichiometry coefficient;

and q is the fraction of extruded Ca2? available to interact

with the CaR. Figure 4 shows how this system of equations

relates to the reactions shown in Fig. 1.

By substitution of a consistent set of parameters, in

accordance with previous work (Sneyd et al. 2003; Mul-

quiney and Kuchel 2003), the system produced an oscillatory

signal for the key dependent variables, most notably [S4].

The scheme produced oscillations in its solution similar

to those that we obtained experimentally. To gain control

of the frequency of the oscillations, we used a scalar that

affects all of the rate constants and Vmax values, and

included a logistic equation into the expression for v1 to

take into account the critical threshold Ca2? concentration,

below which oscillations ceased; this was estimated

experimentally. Details of the Mathematica program are

given in Appendix 1.

We considered the system from a purely enzyme kinetic

standpoint, and showed that the observed oscillations could

be simulated with a reaction scheme based on key bio-

chemical features (Breitwieser 2006; Falcke 2004). This

enabled the fitting of values of rate constants, and identi-

fication of those reactions which most affected the fre-

quency and form of peaks in the time courses. Thus, we did

not consider spatial diffusion in our deterministic model

since our methodology was not aimed at this aspect of the

behavior of the oscillator.

Results

Images

Exposure of Fura-2-loaded HEK-293 cells to Ca2? con-

centrations [0.5 mM had a significant effect on cyto-

plasmic free-Ca2? concentration, as inferred from the

images obtained with fluorescence microscopy. Figure 5

shows the digitized camera view of a typical light, and

fluorescence, microscopy experiment on *50 HEK-293

cells using a 409 objective. Artifactual halos surround

the cells in Fig. 5a; they are typical of phase-contrast

microscopy of these live cells. Figure 5b shows a typical

example of Fura-2 fluorescence signals from a population

of cells.

Fig. 4 Mapping of the pathways for CaR-mediated induction of

intracellular Ca2? oscillations onto the kinetic model given in Eq. 10.

See text for definitions of the components of the reaction scheme
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Experimental data

Figure 6a–c shows the oscillatory nature of the Fura-2

fluorescence ratio; the oscillation frequency decreased very

distinctly as the temperature was decreased. This response

was reflected in the windowed Fourier transforms shown in

Fig. 6d–f. Since the oscillatory data were on an elevated

baseline, the zero-frequency component was substantially

greater in amplitude than for other peaks; they were

therefore excised when drawing Fig. 6d–f. ‘‘Sinc wiggles’’

that are characteristic of the Fourier transform of data sets

that are truncated at nonzero amplitudes, were present, as

Fig. 5 Light micrographs

(using a 409 objective) of

HEK-CaR cells using:

a phase-contrast microscopy

and b Fura-2 fluorescence

microscopy with excitation

at a wavelength of 380 nm

and detection at 510 nm.

Fluorescence intensity of 3 9 3

and 4 9 4 central voxels

yielded time courses such as the

one shown in Fig. 6

Fig. 6 Processed data from Fura-2 intensity measurements from

HEK-293 cells. a–c Ratiometric (340/380 nm) fluorescence micros-

copy data from HEK-293 cells perifused with 5 mM Ca2? at 37�C,

25�C, and 12�C, respectively; their Fourier transforms, d–f, show

predominant peaks at *4.1, *1.35, and *0.75 min-1, respectively

(note, the ordinate has arbitrary fluorescence intensity values); h–j
their corresponding 2D wavelet transforms with 3D wavelet transform

(inset) with local transform maxima highlighted by the thick black
line. Red color denotes maximal wavelet power, white color denotes

medium power, and blue color denotes zero to low wavelet power.

Data used for wavelet transforms were padded with zeros on both

sides to ensure complete wavelet convolution. g Arrhenius plot for the

data in a–c, with slope -2550 corresponding to an apparent activation

energy for the frequency of 21.2 kJ mol-1. Error bars denote a

coefficient of variation of 10%. The estimate of the apparent

activation energy was used in the function tempScalar in the model

in Appendix 1
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well as artifactual harmonic peaks of approximately half

the intensity of each previous peak. Evident, particularly in

Fig. 6d, was a subtle change in frequency over the win-

dowed time course from the slightly skewed line with a

shoulder peak, representing a frequency range of *3.9–

4.5 min-1. The wavelet transforms (Fig. 6h–j) showed

similar results, but the change in frequency over time was

more easily seen and was temporally well localized.

We estimated an activation energy of 21.2 kJ mol-1

from the Arrhenius plot from Fig. 6g, which is moderately

Fig. 7 a–c Processed data from Fura-2 intensity measurements from

HEK-293 cells, d–f corresponding simulated data. a Ratiometric

(340 nm/380 nm) fluorescence microscopy data from HEK-293 cells

perifused with 5 mM Ca2?. At 3.5 min, the temperature was reduced

from 37�C to *30�C, and at 11 min, it was further reduced to 28.5�C.

At 14 min, the temperature was returned to 37�C. b Fourier and c two

dimensional wavelet transform with 3D wavelet transform (inset) of

these data. The local maxima at each time point through the time

course are highlighted by the curved black line and the frequencies at

which the oscillations remained stable for extended periods are

highlighted by the horizontal black lines at 1.45, 1.81, and

3.92 min-1. d Numerical solution of S2(t), where the temperature is

calculated from the local maximum at each time point of the wavelet

transform in (c); e Its Fourier transform, and f its 2D wavelet

transform and 3D wavelet transform (inset). The local maximum of

frequency at each time point through the time course is highlighted by

the curved black line
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lower than the activation energy for water transport in

human red blood cells (*25 kJ mol-1) (Benga et al.

1987). This seems reasonable since, like water in red blood

cells, Ca2? is transported via membrane proteins, but

unlike water, Ca2? cannot form hydrogen bonds with the

transporter, which could explain its slightly lower activa-

tion energy.

To demonstrate the efficacy of applying the wavelet

transform to data recorded from cells in which there was a

clear change in frequency, HEK-293 cells were exposed to

5 mM Ca2? at time-varying temperatures. Figure 7b and c

show the resulting Fourier and wavelet transformation,

respectively, from HEK-293 cells where the temperature of

the perfusion solution had been changed over time, while

oscillations in Fura-2 fluorescence intensity are given in

Fig. 7a. The Fourier transform showed weak signals in the

range of frequencies between 1.4 and 4.2 min-1, however

the signal-to-noise ratio was low. The wavelet transform

showed remarkably well-resolved peaks in wavelet power

that correlated highly with expected frequencies over the

temporal domain.

Figure 7d shows the time course from a simulated exper-

iment using the temperatures estimated to form the curved

black line in Fig. 7c. Its corresponding Fourier and wavelet

transformation are shown in Fig. 7e and f. The features of the

simulated time course are very close to the experimental data

shown in Fig. 7a, with a relatively high frequency at the

beginning, a gradual decrease in frequency approaching the

middle, and an increase in frequency at the end. The Fourier

and wavelet transforms also contained all the features of the

experimental data transforms, respectively, except there was

no red-noise component of the Fourier transform, and the

amplitude in the wavelet transform was more uniform over

time. This is a consequence of the absence of noise in the

synthetic data, and the signal in the simulated transform was

not diminishing, unlike in the real experimental data.

Model fitting and performance

In our model, the reversible catalytic cycle was composed

of the following reactions: (1) binding of Ca2? to the CaR

from the extracellular side of the cellular membrane; (2) a

signaling cascade leading to the production of IP3; (3)

feedback from the released IP3 to the CaR and binding to

the IP3R, or activation of the CaR arising from the simul-

taneous activation of protein kinase C (PKC); and (4)

stimulation of the ER-Ca2? channel, leading to the extru-

sion of Ca2? into the cytoplasm and extracellular fluid.

Experimental data were recorded as described above,

and used to determine values of rate constants by manual

iteration of parameter values (Table 1); the corresponding

control coefficients of the parameters are given in Table 2.

We estimated these control coefficients using the following

equality, by analogy with the coefficients of metabolic

control analysis (Mulquiney and Kuchel 2003; Heinrich

and Schuster 1996):

Cf
p ¼

o ln f

o ln p

� �
norm

¼ Pnorm

fnorm

of

op

� �
norm

;

ffi Pnorm

fnorm

Df

Dp

� �
norm

ð13Þ

where f is the frequency of oscillations produced by the

system, p is the parameter being perturbed, and the sub-

script ‘‘norm’’ denotes the corresponding normal (steady-

state) value in the system. This expression produces a

measure of the influence that each parameter has on the

frequency of the oscillating system. The numerical solution

of the function S3(t) for different temperature values is

given in Fig. 8. Limit cycles of combinations of analyte

concentrations were also computed (Fig. 9) to show that

this nonlinear dynamical system was stable at t ? ?, and

to determine the character and phase relationships between

these analytes.

Table 1 Rate constants for the kinetic model of the CaR pathway

(Fig. 4) at 37�C

KPMCA 0.425 lM k1 3.741 mol-1 L s-1

VPMCA 28 lM s-1 k-1 115.22 s-1

KSERCA 0.18 lM k2 53.54 s-1

VSERCA 120 lM s-1 k3 1.007 mol-3 L3 s-1

b 0.4 k-3 18.1 s-1

c 3 k4 58.35 9 10-3 mol-1 L s-1

/ 2 k-4 633.01 s-1

q 0.1 k5 500 s-1

v1* 7.63 9 10-4 mol L-1 s-1

v2 53.54 mol L-1 s-1

* indicates that a logistic function was used to simulate the critical

threshold extracellular Ca2? concentration required for oscillations in

intracellular Ca2? concentration

Table 2 Control coefficients, where parameter is denoted by p and

frequency by f, calculated using Eq. 13 with Dp = 0.95pnorm, for

some of the rate constants given in Table 1 and the [CaR] at 37�C

k1 1.69

k-1 -1.16

k2 -0.562

k3 1.57

k-3 -2.21

v1 5.70

v2 -5.58

[CaR]total 0.040

Large perturbations in the rate constants k4, k-4, and k5 and the

velocities vSERCA and vPMCA did not significantly affect the oscillation

frequency
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Discussion

Wavelet transform performance

Synthetic data

The Fourier transform of synthetic oscillatory data (Fig. 3)

showed dispersive peaks at 0.03125 and at 0.0625 Hz with

an artifactual harmonic peak at *0.1 Hz, and many other

frequencies. The most noticeable difference between the

images was the fine-scale structure in the DOG wavelet

transform. This arose because the DOG wavelet is real-

valued and it captures both the positive and negative

oscillations of the time series as separate peaks in wavelet

power. The Morlet wavelet is a complex function, and the

corresponding data analysis contains more oscillations than

the DOG wavelet, and hence the wavelet power combines

both positive and negative peaks into a single, broad peak.

This feature of the Morlet wavelet transform was highly

advantageous when processing the data that we acquired,

since there was a continuous high-power peak at *32 s

(0.03125 Hz) and peaks of midlevel intermittent power at

*16 s (0.0625 Hz). Note that this peak was unbroken over

the whole time domain. Harmonic peaks occurred at *10 s

(0.1 Hz), but these were of low power and had gaps of zero

power between them, making them easily discernible from

the authentic peaks in the transform.

The DOG wavelet transform produced an image with

high-power intermittent peaks of 16-s period and a low-

power continuous 32-s-period peak, however the peaks

were far smoother over a range of periods than with the

Morlet wavelet transform, but were sharper over broader

domains of time.

Wavelet transforms have the valuable attribute of being

able to be computed with standard functions in various

common computing environments, such as Mathematica.

To compute the wavelet transform of a time series x(t), we

first chose appropriate wavelet time scales:

Fig. 8 Numerical solution of the functions S2(t) (IP3, a, c, e); S3(t)
(ER Ca2?, g, h, i); and S4(t) (intracellular Ca2? b, d, f) in Eq. 12. The

values of the rate constants used are given in Table 1. These were

multiplied by a scalar quantity whose value was the solution of the

exponential equation: 0.173 ? 1.61 9 10-3 e0.1684T, where T is the

desired temperature in degrees Celsius, which was set to (a, b, g)

37�C, (c, d, h) 25�C, and (e, f, i) 12�C. The value of the scaling factor

(relating fluorescence intensity to concentration of free Ca2?) was

determined experimentally

Fig. 9 Limit cycles of the oscillations produced by analytes in the

system described by Eq. 12, with temperature at 37�C. Perfused

[Ca2?] was set to 5 mM, and the numerical solutions sampled from

t = 20 s to 10,000 s in 0.01 s increments. a [S2] versus [S1], b [S2]

versus [E1], c ½S1E1Sc
2� versus [E1S2

c], and d [S2] versus [S4]. The limit
cycles show sustained oscillations for each of the tested analytes,

except [S4] which diminished due to the emptying of the ER stores

during the time course (Fig. 7g)
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Xm

j¼0

2dt � 2jdj; ð14Þ

where dt is the period between successive time points;

j denotes the scale number, ranging from 0 to m, the

desired number of scales; and dj is the difference between

successive scales. We initially chose j = 60 s, and

dj = 0.125 s, for a minimum and maximum wavelet scale

of *1.84 s and *333 s, respectively. To approximate the

continuous wavelet transform, the convolution equation

(Eq. 9) should be applied N times for each scale, where N is

the number of points in the time series (Kaiser 1994). To

save computation time we used the fact that the convolution

theorem allows all N convolutions simultaneously in

Fourier space (Eq. 2) (Butz 2006). Evaluation of the

wavelet transform is then:

WnðsÞ ¼
Xn

j¼1

Xðf ÞW� ðsf Þeifndt; ð15Þ

where W is the Fourier transform of the mother wavelet. An

explanation of how this was achieved in Mathematica is

given in Appendix 1.

Experimental data

The wavelet transform of the experimental data in Fig. 6h–j

shows the stability of the frequency over time and the

potential for detecting subtle changes. We note that, espe-

cially for cells at 25�C, the frequency was extremely stable

over the 6-min time course (Fig. 6i); this is in contradis-

tinction to recent suggestions for stochastic excitation of the

oscillator (Skupin and Falcke 2007; Perc et al. 2008).

Frequency variations of the system at 37�C (Fig. 6h) are

postulated to have been due to slight instability of the

thermostat and heat sink.

Wavelet analysis is ideal for Ca2? oscillation experi-

ments since long time courses can be processed without the

need for a window function; it also provides clear estimates

of the stability of the frequency, making it useful for

studying systems which are described by stochastic vari-

ables. The processing time required was subsequently

much greater since the product of the inverse Fourier

transform of the input data, and an evaluation of the Morlet

wavelet, were taken for each specified wavelet scale.

Depending on the number of data points and the desired

number of scales, the processing time was of the order of

several seconds to several minutes, while the processing

time for the fast Fourier transform was negligible. Tem-

poral resolution is also an important consideration; while

the range of wavelengths (periods) in both transforms is

0 - dt/2, the number of uniquely represented wavelengths

in the Fourier transform is constrained to N/2, where N is

the number of data points. The number of wavelengths

represented in the wavelet transform can be increased by

increasing the number of wavelet scales.

The wavelet transform given in Fig. 7c shows how

powerful this analytical tool can be when applied to

appropriate data. Note again that the periods for which the

temperature was stable had oscillations of a stable fre-

quency. The wavelet power throughout the time course was

significantly higher than the background noise, and tem-

poral changes in oscillation frequency could easily be

traced; and in this example, the oscillator frequency could

be used as a cellular thermometer. The curved black line

follows the local maximum at each value of t, while the

frequencies at which the cells remained stable for extended

periods are highlighted with the horizontal black lines in

Fig. 7c and f. In stark contrast, the Fourier transform of the

same data set gave very little information on fluctuations of

the oscillation frequency. The range of frequencies

between 1.4 and 4.2 min-1 all had approximately the same

power and many of the peaks were almost indistinguish-

able from the background noise.

Conclusion

In summary, the results obtained from the wavelet trans-

form of Ca2? experimental data on Ca2?-induced fluores-

cence from CaR-expressing HEK-293 cells exposed to

variations in extracellular Ca2? concentration, and tem-

perature, were in excellent agreement with previously

published results (Baker et al. 2002). These data were used

to determine empirically (by visual fitting) the parameter

values for use in the model. The wavelet transform was

ideal for the analysis of our experiments since time courses

lasting for 30 min or more could be studied without the

need to choose a window function for the Fourier transform.

Critique of models of Ca2? oscillations

General

A mathematical model constitutes an important tool in an

attempt to summarize data and explain the role of the var-

ious components of a system. It has been suggested that the

CaR may regulate intracellular Ca2?, thereby affecting ca-

pacitative calcium entry (Putney 1986). The conclusions

from our experimental results support the idea that signaling

within the ER involves interactions between ER Ca2?

binding proteins and other components of the CaR signaling

system. It has been hypothesized that IP3 is the causal factor

of oscillations (Sneyd et al. 2003; Baker et al. 2002), and

through the cyclical phosphorylation/dephosphorylation of

PKC (Young et al. 2002), which was shown to be required

for oscillations in cytosolic [Ca2?] (PKC is activated by
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diacylglycerol, a byproduct of IP3 formation by phospho-

lipase C (Kamp and Hell 2000), and cytosolic Ca2?)

(Young and Rozengurt 2002). There appears to be a con-

sensus that oscillations are caused by a reaction in between

the extracellular Ca2? binding to the CaR and the produc-

tion of IP3. This is a central feature of our model of the

system (Breitwieser 2006; Sneyd et al. 2003; Breitwieser

and Gama 2001; Falcke 2004; Young et al. 2002; Young

and Rozengurt 2002).

Our model consists of Ca2? binding to the CaR that

induces a cellular signal that leads to the production of IP3,

which binds to IP3R causing the release of intracellular

Ca2?, which is then exported from the cell. As noted

above, values of rate constants were taken from the liter-

ature or were determined empirically. The resulting

numerical solution of the differential equations in Eq. 12

gave, amongst all the dependent variables, the concentra-

tion of intracellular Ca2?. This was an oscillating signal,

similar in frequency and form to the Fura-2 signal observed

in the microscope experiments.

There has been recent debate over whether [Ca2?]

oscillations should be modeled with kinetic rate (deter-

ministic) equations, or with a stochastic approach (Skupin

and Falcke 2007; Perc et al. 2006; Gosak et al. 2008). The

proposed model defined by Eq. 12 provided good qualita-

tive agreement with our experimental findings. However it

is noted that previous experimental data sets appeared to

have been burdened with noise, so a stochastic approach

was valid when building the models. On the other hand, we

considered that the signal-to-noise in our experimental

traces was at a level that seemed appropriate for simula-

tions with deterministic equations. This method, when

applicable, is more transparent with respect to how the

different constituents of the model interact with each other.

In other words, a deterministic model allows the applica-

tion of metabolic control analysis (Mulquiney and Kuchel

2003; Heinrich and Schuster 1996) with its rich predictive

power regarding sites that most influence the behavior of a

reaction scheme.

Model development

To show how our model related to Fig. 1, we devised a

mapping of the system of equations (Eq. 12) onto these

pathways; this is given in Fig. 4. The extracellular Ca2?

pool, represented by Ca, is supplied to the fraction of

extracellular Ca2? (S1) that is able to bind the CaR, at a

rate of v1. S1 binds to the receptor with a rate constant of

k1; the complex formed is S1E1Sc
2: This in turn liberates

IP3, represented by S2, at a rate characterized by k2. S2

then either decomposes via v2, or is recycled via the k3

reaction; the latter is linked to the formation of E1Sc
2;

which is in equilibrium with unbound receptor E1, or

binds to the IP3R (E2) to form E2S2, which is in equi-

librium with unbound E2, via the k4 reaction. The rate

constant, k2, applies to a reaction that encapsulates much

of the signaling pathway leading to the release of IP3 to

the cytoplasm. Upon the formation of E2S2, the reaction

characterized by the rate constant k5 is stimulated, and

Ca2? from the ER (S3) is released into the cytoplasm (S4).

S4 is then either extruded out of the cell through the

PMCA or repackaged into the ER through the SERCA at

a rate characterized by Eq. 11.

Simulations

Numerical solutions for S2(t), S3(t), and S4(t) with different

temperatures are given in Fig. 8. Figure 8a and b show the

numerical solutions for S2 ([IP3]) and S4 (cytoplasmic

[Ca2?]), respectively, with the system at 37�C, with an

oscillation frequency of 4 min-1. The signal from S4

diminished with a 50% loss of signal after *4.5 min, and

75% loss after *6 min. Figure 8c–f shows data from the

same system at 25�C and 12�C, with oscillation frequencies

of 1.1 and 0.72 min-1, respectively. Figure 8g–i shows the

signal from S3 ([Ca2?] in the ER) at 37�C, 25�C, and 12�C,

respectively. (The rate constants were chosen so that the

oscillations given, rather than being purely sinusoidal or

Lorentzian in amplitude, have a steep increase in intensity,

a short sustained peak, and then a gradual decay, to a

baseline that is slightly higher than 0.0). The oscillations

produced by the system of equations closely approximated

those seen in the real experimental data.

Control coefficients

The control coefficients Cf
p; were calculated using Eq. 13,

with a decrement of 5% for each parameter. Negative values

indicated that the change in oscillation frequency was

inversely correlated to the change in parameter value. The

values given in Table 2 show that the system’s oscillation

frequency was more strongly influenced by perturbations in

v1 than any other parameters. This is deemed to be due to

the fact that Ca2? is supplied to the system through S1 via

k1, which is relatively high; thus the steady-state concen-

tration of S1 is relatively low in spite of the high flux

through this pool. This leads to the prediction that, in future

experiments, attention might be focused on perturbing the

oscillation frequency via conditions which either increase

v1 or decrease k1. This may include reducing the apparent

diffusion coefficient in the extracellular compartment by

using a high-viscosity medium. The rate constant v2 also has

a high control coefficient; in other words it has a lot of

control over the frequency of oscillations. Conversely, k-1

has a relatively low control coefficient since k1, which

describes the reverse reaction, is *309 the magnitude of

Eur Biophys J (2009) 39:149–165 161

123



k-1. Interestingly, [CaR]total has the lowest control coeffi-

cient of all the tested parameters, indicating a very low

influence on the oscillation frequency. The control coeffi-

cients of k4, k-4, and k5 were all similar and negligible.

The other parameter with a relatively large control

coefficient is v2; this negatively affects the frequency. It

characterizes the degradation of IP3. Our analysis suggests

that factors that enhance IP3 degradation would decrease

the frequency of the oscillations. Experimentally this may

include pharmacological agents that stimulate phosphatase

activity; conversely, phosphatase inhibitors would be pre-

dicted to increase the frequency of oscillation.

Knowledge of control coefficients allows rapid insights

into those parameters whose perturbation will affect the

form and frequency of the oscillating data traces.

Limit cycles

The limit cycles given in Fig. 9 show that the system

produced sustained oscillations since there was no decay

over the relatively large period of the simulation. Figure 9a

shows that the oscillations in [S2] were *p/2 radians out of

phase with [S1], while Fig. 9b, having a slope going down

from left to right, is *p radians out of phase with [E1]. The

former is due mainly to the fact that accumulation of ½E1Sc
2�

was slow since [S2] was needed to form this complex, thus

allowing S1 to accumulate. Over time, ½S1E1Sc
2� became

relatively high and sufficient amounts of S2 were released

from the complex via k2. This accounts for the rounded

shape seen in Fig. 9a. The latter came about because [E1]

increased, via k-3, from E1Sc
2; which could only accumu-

late at the expense of S2; in other words, [E1] increased

only as [S2] decreased, making them out of phase, and

producing a limit cycle with the appearance of a diagonal

line. The unusual appearance of the limit cycle mapping

the relationship between ½S1E1Sc
2� and ½E1Sc

2� (Fig. 9c)

arises because the shape of the peaks of concentration

produced by the two were vastly different. The peaks

produced by ½S1E1Sc
2� were much like those computed for

[S2], while those produced by ½E1Sc
2� were similar to a

Lorentzian curve. They were out of phase by *-p/4

radians since ½S1E1Sc
2� is produced more rapidly as a result

of the accumulation of S1 and the relatively high k1.

Figure 9d shows that [IP3] and cytoplasmic [Ca2?] were

in phase, having a slope going down from right to left. This

was surmised to be because Ca2? efflux from the ER to the

cytosol is tightly linked to [IP3], since the rate constant k5 is

activated only in the presence of IP3. It also shows that,

while the average [IP3] remained constant, intracellular

[Ca2?] slowly diminished. This is shown in Fig. 8 to be

due to the ER [Ca2?] approaching 0.0 lM at *6 min.

Figure 9 shows that IP3 oscillations were sustained

regardless of the ER [Ca2?]. As a consequence, the model

predicts that the Ca2? stores in the ER ultimately become

fully depleted. The extent to which this occurs under

experimental conditions has not been fully explored;

however the decline in the amplitude in the oscillations is

consistent with this phenomenon. It is noted that the model

does not have an explicit inclusion of inward flux of Ca2?.

This is consistent with no increased fluorescence during the

perifusion experiments.

An alternative view is that influx was less than efflux,

but in the interests of a minimalist model, we consider a

situation where an inward flux is zero. Restoration of

normal [Ca2?] in the ER could be achieved through a

membrane-inserted transporter which is activated upon low

ER [Ca2?], but characterization of this pathway has been

elusive in the literature.

Breitwieser (2006) shows that transient receptor poten-

tial cation channel, subfamily C, member 1 (TRPC1, a

membrane Ca2? pore) is recruited by the CaR sensing

phenylalanine in the presence of Ca2? (Fig. 1). However,

inclusion of this pathway was beyond the scope of the

present work, and may be the subject of future studies.

Notwithstanding this limitation, our model provides

quantitative experiment-prediction capability and describes

(simulates) the complicated experiment in which temper-

ature was varied over time with possible adjustment of

perifused [Ca2?] (Fig. 7d).

Figure 9a shows that S1, the population of Ca2? avail-

able to interact with the CaR, fluctuates between 1 and

5 lM. This is consistent with a small population of Ca2?

that is localized in close proximity to the cell membrane.

The concentration of this population fluctuates because a

large proportion of it transiently binds to the CaR.

The information provided by the limit cycles gives

unique and invaluable insights into the relationships

between the different analytes. Figure 9b, for instance,

gives the important insight that S2 and E1 are highly

competitive, and to build onto this model, this competition

will have to be preserved.

Overview

In summary, we have developed a robust analytical model

capable of predicting and confirming the outcome of

experiments where normal conditions have been perturbed.

We performed several simulated perturbations including:

(1) doubling the [CaR], resulting in a fivefold increase in

oscillation frequency, a heightened baseline, and a three-

fold decrease in oscillation amplitude; (2) halving the

[CaR], which suppressed oscillations; and (3) decreasing

the initial [IP3], which caused a long lag period, followed

by a period of non-oscillatory Ca2? release, and then

normal oscillations. These predictions are all available for

further experimental verification.
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The current model is a step towards one that might be used

in combination with a high-throughput screening approach

to determine the physiological outcome of genetically

altered cells, where specific signaling mechanisms are

addressed. Most importantly, robust models constructed and

developed with experimental data will allow prediction of

the time dependence of intra- and extracellular signals and

how they are decoded to effect cellular responses.

As stated in the ‘‘Introduction’’, previous literature has

examined the Ca2?-induced Ca2? release system in various

cell types, including parotid acinar cells (Sneyd et al.

2003), HeLa cells (Fioretti et al. 2005), hepatocytes (Baker

et al. 2002), normal rat kidney cells (Hofer 1999), and non-

excitable cells in general (Fioretti et al. 2005). To our

knowledge, ours is the first work in which Ca2? oscillations

had been modeled in HEK-293 cells. In constructing and

executing our model, we have not: (1) omitted any of the

components of the system, such as intracellular stores

(Sneyd et al. 2003; Fioretti et al. 2005) and cyclical pro-

duction of IP3 (Fioretti et al. 2005; Kusters et al. 2007)

which is currently believed to cause the oscillations

(Breitwieser 2006; Sneyd et al. 2003); (2) used a time-

dependent on/off mechanism to elicit oscillations from the

SERCA (Baker et al. 2002); (3) omitted details about the

programming of the model, thereby prohibiting its repro-

duction (Baker et al. 2002; Hofer 1999); (4) used special-

ized software to produce the model from previous

experimental data, and drawn conclusions from the good-

ness of fit onto these data (Baker et al. 2002); (5) made

predictions about the foundations of the system using

simulated data from the model (Fioretti et al. 2005; Baker

et al. 2002; Hofer 1999); or (6) separated the model into

two components, namely flux through the membrane and

oscillations in the cytosolic Ca2? (Hofer 1999).

Our presentation here is unique in that we include

experimental data which we used to formulate a model as

well as the complete program for execution and modifi-

cation in Mathematica. Moreover, we explicitly show how

the kinetic equations used to construct the model relate

to the current view of the pathways in HEK-CaR cells

(Breitwieser 2006; Skupin and Falcke 2007) (Fig. 4). We

aimed to construct the model in the simplest possible way

using enzyme kinetics to avoid generating myriad para-

meters and equations which could be fitted to virtually any

experimental data. Furthermore, the reader will be able to

easily program the model into Mathematica, and modify or

extend it to suit various applications.

Extensions to the model may include an analysis of the

bifurcation properties, and inclusion of membrane potential

contributions.

In the present work, we used an approach to analyze the

oscillations produced by the HEK-CaR system, and dem-

onstrated that wavelet analysis is superior in many respects

to traditional Fourier-transform methods. We showed this

through experimental results in which temperature was

varied over time, causing a change in oscillation frequency

which the wavelet transform method was able to handle in

a far more robust way than the Fourier transform of the

same data. The main biological conclusion from the work

is that oscillations in the concentration of cytoplasmic

Ca2? in HEK-293 cells are under the master control of

extracellular Ca2? concentration, and the frequency is most

affected by the binding of Ca2? to the receptor, and the rate

of decay of IP3.
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Appendix

Appendix 1

Mathematica program that solves the array of differential

equations given in Eq. 12 to simulate the oscillations in

Ca2? concentration in HEK-293 cells.

caConc = 5,000; (* Ca2? concentration in l mol L-1 *)

temp = 37; (* Temperature of the system in Celsius *)

tempScalar = 0.173 ? 0.00160882 9 e0.1684 temp; (* Sca-

lar value to account for frequency changes affected by

temperature *)

Vc = 0.33; VER = 0.33; Ve = 0.33; (* Cytosolic, ER,

and extracellular volume ratios *)

c = 3.0; (* Cooperativity coefficient *)

/ = 2.0; (* Hill coefficient for the PMCA *)

b = 0.4; (* Stoichiometry coefficient *)

q = 0.4; (* Fraction of extruded Ca2? available to

interact with the CaR *)

v1 ¼ 3:854
caConcð1þe6�0:003caConcÞtempScalar; (* Velocity of Ca2?

supply with logisitic-equation form to simulate critical

Ca2? concentration *)

k1 = 3740.8 9 tempScalar,

k-1 = 115.22 9 tempScalar,

k2 = 53.54 9 tempScalar,

k3 = 1007.4 9 tempScalar,

k-3 = 18.1 9 tempScalar,

k4 = 58.35 9 tempScalar,

k-4 = 633.01 9 tempScalar,

k5 = 500 9 tempScalar,

KPMCA = 0.425;

VPMCA = 28 9 tempScalar;

Eur Biophys J (2009) 39:149–165 163

123



KSERCA = 0.18;

ca[t] = caConc,

v2 = 53.54 9 tempScalar; (* Velocity of IP3 degrada-

tion *)

sol = NDSolve[{

ca[t] = caConc,

s01½t� ¼ v1ca½t� � Vc

Ve
k1s1½t�x1½t� þ Vc

Ve
k�1x2½t� þ Vc

Ve
qVPMCAs4½t�/

K/
PMCA

þ
s4½t�/; (* s1 is extracellular [Ca2?] sub-pool *)

s02½t� ¼ k2x½t� � k3s2½t�ce1½t� þ ck�3x1½t� � v2s2½t� þ k�4x3

½t� � VER

Vc
k4s2½t�e2½t�; (* s2 is [IP3] *)

s03½t� ¼ Vc

VER

VSERCAs4½t�
KSERCAþs4½t�

1
s3½t� � bk5s3½t�bx3½t�; (* s3 is ER

[Ca2?] *)

s04½t� ¼ � Vc

VER

VSERCAs4½t�
KSERCAþs4½t�

1
s3½t� �

VPMCAs4½t�/

K/
PMCA

þs4½t�/
þ VER

Vc
bk5s3½t�b

x3½t�; (* s4 is cytosolic [Ca2?] *)

x01½t� ¼ �Ve

Vc
k1s1½t�x1½t� þ ðk�1 þ k2Þx2½t� þ k3e1½t�s2½t�c

�k�3x1½t�; (* x1 is [E1Sc
2] *)

x02½t� ¼ Ve

Vc
k1s1½t�x1½t� � ðk�1 þ k2Þx2½t�; (* x2 is [S1E1Sc

2] *)

x03½t� ¼ � Vc

VER
k�4x3½t� þ Vc

VER
k4s2½t�e2½t�; (* x3 is [E2S2] *)

e01½t� ¼ �k3e1½t�s2½t�c þ k�3x1½t�; (* e1 is [CaR] *)

e02½t� ¼ k�4x3½t� � Vc

VER
k4s2½t�e2½t�; (* e2 is [IP3R] *)

s1[0] = 0.5, s2[0] = 0.44, s3[0] = 500, s4[0] = 0.0,

x1[0] = 0.0, x2[0] = 0.0,

x3[0] = 0.0, ca[0] = caConc, e1[0] = 0.16, e2[0] = 0.2,

{s1, s2, s3, s4, x1, x2, x3, e1, e2, ca},

{t, 0, 400}, MaxSteps ? 20,000, MaxStepSize ? 0.01,

MaxStepFraction ? 0.01, StartingStepSize ? 0.1];

(* ‘‘sol’’ contains the solution to the kinetic equations

with the given starting conditions for t = 0–100 s. *)

Plot[s4[t]/.sol,{t, 0, 400},PlotRange ? {{0, 400},{0,

0.4}}, PlotPoints ? 2,000] (* Plot the intracellular

[Ca2?], S4 *)

Appendix 2

Program written in Mathematica for the wavelet analysis

used in the present work:

data = Import[00data.dat00]; (* Import the data set as a list

of values *)

Hw := If [x[ 0, 1, 0]; (* Definition of the Heaviside

step function *)

x0 = 6; (* Nondimensional frequency of the wavelet *)

wf ½x�; s�� ¼
ffiffiffiffiffi
2ps
dt

q
p�

1
4Hw e

�ðsx�x0Þ2
2 ; (* Definition of the

Morlet wavelet as a function of x, time and s, the scale *)

dt ¼ 1
1:087454

; (* Difference in time between successive

data points. For our Fura-2 experiments, this was slightly

over 1 s *)

s0 = 2dt; (* Value of the first wavelet scale *)

dj = 0.125; (* Difference in power between successive

wavelet scales *)

nN = Length[data]; (* Number of data points in the data

set *)

fdata = Fourier[data]; (* Calculate the Fourier transform

of the data set *)

J = 60; (* Number of scales to include in the wavelet

transform *)

wt = Table[Table[0,{x, 0, nN}],{y, 1, J};] (* Initializa-

tion of the table receiving the wavelet transform result *)

For[j = 0, j \ J, j??], {pdata =

Table wf x; 2dt � 2jdj
� 	

; x; 0;
2p
dt
;

2p
dt


 �
nN� 1

� 
� �
==N;

wt½½jþ 1�� ¼ ðAbs½InverseFourier½fdata�pdata��Þ2
Variance½pdata� ; (* Calculation

and insertion of wavelet transform result *)

sca ¼ Round
ffiffiffi
2
p

Table 2dt � 2jdj; fj; 0; Jg
� 	
 �

� 1
dt

�
;

(* Table of wavelet scales *)

coi = Table[Table[0,{x, 1, nN}],{y, 0, J - 1}];

Table[coi[[q, Table[x, {x, 1, sca[[q]]}]]] = Table[1,{x,

1, sca[[q]]}], {q, 1, J}; (* Initialization of the table

receiving the cone of influence result *)

Table[coi[[q,Table[x,{x, Length[coi[[q]]] - sca[[q]] ?

1, Length[coi[[q]]]}]]] = Table[1,{x, 1, sca[[q]]}],

{q, 1, J}]; (* Calculation of cone of influence *)

coi = Mod[coi ? 1,2]; (* Inversion of cone of influence *)

wtcoi = wt coi; (* Wavelet transform multiplied by

cone of influence *)
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