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Abstract. Synapses exhibit a wide repertoire of responses to different temporal patterns of synaptic input. Many of
these responses are expressed as short and long-term changes in synaptic strength. Electrical properties of channels
and calcium buildup can account for rapid aspects of pattern decoding, but it is not clear how more complex input
patterns, especially those lasting over many minutes, could be discriminated. This paper shows that a network of
signaling pathways can discriminate between complex input patterns lasting tens of minutes, and can give rise to
distinct combinatorial patterns of biochemical signaling activity in pathways involved in synaptic change. Regulatory
signaling input can alter and even reverse the strengths of responses to input patterns. Thus the synaptic signaling
network may function as a temporal decoder that transforms patterns from the time domain into the domain of
chemical signaling. This may underlie different synaptic responses to different stimulus patterns.
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Introduction

Information arrives at a typical synapse from three pri-
mary sources: as temporal patterns of synaptic input,
as electrical current flow from other parts of the cell,
and as signaling inputs from extracellular and intracel-
lular sources. This limited input set is decoded into
a wide repertoire of responses (Abbott and Nelson,
2000). These include short-term potentiation, multi-
ple forms of long-term potentiation (LTP) (Bliss and
Collingridge, 1993; Cavus and Teyler, 1996; Grover
and Teyler, 1990; Winder et al., 1999), weakening of
synaptic strength (Barr et al., 1995; Bolshakov et al.,
2000), and synaptic and dendritic remodeling (Wu
et al., 2001; LeMasson et al., 1993; Markram and
Tsodyks, 1996; Turrigiano et al., 1994). This range
of responses is probably mediated by signaling path-
ways in a synapse-specific manner (Frey and Morris,
1998). This wide synaptic repertoire is itself a function

of cellular context. For example, the strength of input
required to elicit LTP varies with regulatory inputs, age,
and breed (Nguyen et al., 2000). The ‘sliding threshold
model’ generalizes this to consider the sign of synap-
tic change (Stanton, 1996). The current paper asks if a
model of known synaptic signaling pathways can per-
form a mapping from input patterns to output signaling
events that could underlie this wide range of responses.

Biophysical events are known to be involved in rapid
temporal decoding by neurons. These include elec-
trical tuning in single neurons (Brezina et al., 2000;
Hooper, 1998; Hudspeth and Lewis, 1988) and in net-
works (Buonomano, 2000; White et al., 2000). Ca2+

integration is also a key element for frequency decod-
ing (Bootman and Berridge, 1995; Hanson et al., 1994;
Koch et al., 1992). The temporal correlation of pre- and
post-synaptic spikes is a determinant of the direction of
synaptic change (Markram et al., 1997). This also ap-
pears to involve Ca2+ biophysics, the details of which
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remain to be fully analyzed (Sourdet and Debanne,
1999). Stimuli used in synaptic change are typically of
a longer duration. They include intense stimuli lasting
a few seconds, theta stimuli lasting tens of seconds and
widely separated tetani where the total stimulus lasts
tens of minutes (Blitzer et al., 1998; Nguyen et al.,
2000). Long-term depression (LTD) is commonly trig-
gered using a steady input at 1 Hz lasting for 10 to
15 minutes (Linden, 1994). Signaling mechanisms for
such slower forms of decoding have also been reported
(Aszodi et al., 1991; Fields et al., 1997).

This paper suggests that the known synaptic network
can account for the slower forms of decoding of stim-
uli lasting from seconds to tens of minutes. Building
on recent work suggesting temporal tuning by signaling
pathways (Bhalla, in press), here I propose that com-
plex pattern decoding emerges in the signaling network
from the simpler tuning properties of individual path-
ways. The model focuses on the postsynaptic signaling
events that follow Ca2+ influx but which are upstream
of the channel translocations, phosphorylations, and
other synaptic events believed to be involved in the ex-
pression of synaptic change. Despite simplification of
chemical, spatial and cytoskeletal detail, the network is
able to ‘distinguish’ between input patterns and gives
rise to distinct combinations of signaling outputs. Thus
it performs a transformation from the temporal domain
to that of combinations of chemical activity. I propose
that these decoding capabilities may scale up and ap-
ply to the far more complex and computationally rich
biological signaling apparatus at the synapse.

Methods

Postsynaptic signaling pathways were modeled as a
network of 20 signaling enzymes and their regulators
(Fig. 1a) using parameters derived from biochemical
experiments (Bhalla, 2000; Bhalla and Iyengar, 1999).
The signaling model is a point (non-spatial) model of
signaling, and represents the reactions that occur at the
terminal compartment of the synaptic spine (Fig. 1d).
Inputs to the model include Ca2+ input to multiple en-
zymes, metabotropic glutamate receptor (mGluR) in-
put, regulatory inputs including epidermal growth fac-
tor (EGF) and hormones acting through the alpha sub-
unit of the G-protein type s (Gs). The model includes
four major kinases: protein kinase A (PKA), calcium
calmodulin activated protein kinase type II (CaMKII),
protein kinase C (PKC), and the mitogen activated pro-
tein kinase (MAPK). There are several feedback loops.

Figure 1. a: Block diagram of signaling pathways in model. Each
block was modeled in terms of several binding and enzyme reactions.
The complete network of pathways was modeled for all simulations,
and only the levels of regulators were changed. b: Schematic of
cell model. The compartmental structure of the Traub (1991) based
model is illustrated. AMPA receptors are distributed uniformly over
the apical dendrites. Attached to the terminal apical dendrite is a
dendrite and spine from the Holmes and Levy (1990) based model.
c: Geometry of dendrite and spine. The dendrite has 5 compartments.
Axial Calcium diffusion occurs throughout the dendrite and spine.
d: Compartmental structure of spine, with 7 compartments. NMDA
and AMPA receptors are present in the terminal compartment of the
spine. The signaling model is a point (non-diffusive) model in the
terminal spine compartment which is 0.05 µm in thickness.

Among the positive feedback loops, CaMKII under-
goes autophosphorylation leading to Ca-independent
activation. PKC, MAPK and phospholipase A2 (PLA2)
form another positive feedback loop that is bistable
under the conditions of this model. Since the focus of
this paper is temporal decoding rather than information
storage, thresholding was the only property of feedback
that was considered in these simulations. In many sim-
ulations bistability was abolished by raising the levels
of the MAPK inhibitor MAP-Kinase phosphatase type
1 (MKP-1). A simple representation of compartmental-
ization was employed for some molecules undergoing
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membrane translocation or binding to membrane sub-
strates (e.g., PKC membrane translocation and Raf
binding to Ras). Such steps were treated as reaction
steps. Pathways (blocks in Fig. 1a) were represented
in terms of chemical reactions that expand into simple
and enzyme-catalyzed reactions:

A + B
kf
⇀↽
kb

C (1)

E + S
k1
⇀↽
k2

E.S
k3−→ E + P (2)

Both these equations can be expressed as differential
equations of the form:

d[A]/dt = −kf[A][B] + kb[C] (3)

The Michaelis-Menten enzyme reactions in Eq. (2)
are equivalent to two reactions (Eq. (1)) in sequence,
the second reaction having a zero value for kb.

Details of the parameter derivation process have
been previously described (Bhalla, 2000). Briefly, each
individual signaling pathway is first specified in terms
of chemical reactions based on data from genetic and
pharmacological experiments. Second, rate constants
for each chemical step are derived typically from
published test-tube experiments with purified protein
preparations. Dose-response curves and time-courses
constrain the rates kf and kb for binding and covalent
reactions (Eq. (1)). The Michaelis-Menten constants
Km and Vmax are used to characterize enzymes. Third,
concentration terms are obtained from biochemical pu-
rification series and quantitative immunoprecipitation.
Signaling pathways modeled in this manner typically
consist of 10 to 20 reactions and molecular players. De-
tailed parameters for all the signaling models are pre-
sented in the Supplementary Information and at the site
http://www.ncbs.res.in/∼bhalla/decode/index.html.

Input to the network of signaling pathways was de-
livered as Ca2+ pulses at a postsynaptic spinehead, and
as glutamate pulses at postsynaptic receptors. Ca2+

concentrations were computed based on association be-
tween pre- and post-synaptic activity at this spine-head
using a 32-compartment model of the hippocampal
CA1 neuron. This model combined a 20 compartment
pyramidal neuron model including voltage-dependent
Na, K and Ca2+ channels (Traub et al., 1991) with a
12 compartment model of a dendritic spine incorporat-
ing Ca2+ diffusion, buffering, and ion fluxes through
AMPA and NMDA receptors (De Schutter and Bower,
1993; Holmes and Levy, 1990) (Fig. 1b–d). Model

details are presented in the Supplementary Material.
Patterned presynaptic input was delivered to the spine-
head in and to synapses which were distributed with a
uniform spatial density on the apical dendrites of the
of the CA1 cell model. The cell model was designed to
provide the background cellular potential to the spine
model so that the NMDA channels would exhibit asso-
ciativity between pre- and post-synaptic activity.

The PKC-MAPK-PLA2 feedback loop has a sharp
threshold for activation in the model. Since many sig-
naling inputs converge onto this feedback loop, this
threshold was used as a measure of the selectivity of
the signaling network for different patterns. An iter-
ative bisection algorithm was employed for obtaining
the threshold (Fig. 2). In this method the first stimulus
was at the geometrical mean of the limits set for the
stimulus strength. The simulation was run for a period
of 3000 seconds following stimulus. PKC levels for the
final time-point were then recorded as a measure of ac-
tivity of the feedback loop. The 3000 second duration
is longer than the longest time-course of any pathway
in the model, so the PKC level at this time should be
close to steady-state. If PKC activity exceeded 0.2 µM
the loop was reported as being active, otherwise it was
reported as off. The selected checkpoint of 0.2 µM is
close to the steady-state threshold activity for PKC. If
the loop was active, the bisection was repeated using the
previous stimulus strength as the new lower limit, and
vice versa. This procedure was repeated for 10 cycles
of iteration in geometric progression, and the limits of
stimulus strength were from 0.02 to 20-fold baseline.
This gives a final resolution of 0.1% for the threshold.

The stimulus threshold required to activate the feed-
back loop was calculated under a variety of conditions
and for different stimulus patterns. The threshold is the
scale factor for calcium elevation used in the simula-
tions and is roughly equivalent to the stimulus current
applied to an axon fiber bundle. There is no direct scal-
ing from this quantity to current in amps. Preliminary
simulations were done where different electrical stim-
ulus intensities were applied in the cell model to give
different calcium elevations, but higher stimulus inten-
sities led to unphysiological saturation of the buffer in
the cell model. Therefore a linear approximation was
used where the calcium response was calculated at a
fixed stimulus intensity, and scaled linearly to approx-
imate the effect of varying electrical stimulus strength.
This approximation was reasonable for low stimulus
intensities but failed at high intensities due to buffer sat-
uration. The computed calcium elevation is a complex
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Figure 2. Procedure for determination of thresholds for the feed-
back loop. A: The initial stimulus strength is set at the geometrical
mean of the upper and lower stimulus limits. In this example this
leads to turn-on as measured by the level of activity of PKC at 3000
seconds following stimulus. B: The new stimulus strength is set at the
geometrical mean of the previous stimulus, and the lower limit. This
time the PKC response falls below the criterion. C: The third stimu-
lus strength is the geometrical mean of the previous two stimuli. Now
PKC is above criterion. D: After 10 rounds, the stimulus strength for
the threshold is known to 1 part in 1024 (on a logarithmic scale).

function of stimulus intensity and pattern as shown in
Fig. 3, where the stimulus intensity is 1.0 for all traces.
For example, a threshold of 1 corresponds to a calcium
elevation of approx. 2.5 µM in the case of the tetanic
stimulus patterns 3 × 600, 3 × 60 and 2 × 20.

The simulator GENESIS was used for signaling and
electrophysiological simulations (Bower and Beeman,
1998). The simulator, models, and demonstrations of
the figures in this paper may be downloaded from
the web site http://www.ncbs.res.in/∼bhalla/decode/
index.html

Results

Simulation Organization

In the all the simulations, I use a single cell model of a
hippocampal CA1 neuron to generate Ca2+ waveforms

Figure 3. Ca2+ transients at the terminal spine compartment, gen-
erated by cell model from 8 patterns of synaptic input. This Ca re-
sponse was used as the reference for linear scaling to higher or lower
strength stimuli.

in the postsynaptic dendritic spine in response to var-
ious stimulus patterns. The Ca2+ waveforms are fed
into a model of synaptic signaling pathways to study
temporal decoding of these patterns. In the following
analysis, I first use the thresholding properties of a pu-
tative signaling feedback loop to show that the net-
work can discriminate between input patterns. I then
show that alteration of Ca2+ buffering and the con-
sequent change in input Ca2+ waveforms can lead to
changes in thresholds and even a reversal of selectiv-
ity. I then examine how the network can utilize re-
cently reported (Bhalla, in press) simple temporal tun-
ing properties to give rise to decoding of complex
input patterns. Finally, I suppress the bistability of
the feedback loop to show that the network responses
are not a result of feedback/thresholding effects, but
emerge from the tuning properties of pathways. The
suppressed network generates combinatorial patterns
of signaling activity in response to different patterns of
input, and this in turn is subject to regulation. I pro-
pose that this may form the basis for synaptic pattern
discrimination.

Calcium Responses

Eight patterns of cell-wide synaptic stimuli were deliv-
ered to the cell model, based on stimuli previously used
to elicit synaptic change (Blitzer et al., 1998; Nguyen
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et al., 2000). These patterns were: 3 × 600: 3 tetani of
100 Hz for 1 second, separated by 600 seconds. 3×60:
3 tetani of 100 Hz for 1 second, separated by 60 sec-
onds. 2×20: 2 tetani of 100 Hz for 1 second, separated
by 20 seconds. Theta: Theta burst stimuli consisting of
5 pulses at 100 Hz, separated by 0.2 seconds, repeated
10 times. The entire burst was repeated 4 times at in-
tervals of 10 seconds. These first four stimuli have all
been used to elicit LTP. Four continuous stimuli were
also delivered. They were: a 0.033 Hz stimulus last-
ing for 900 seconds (30 inputs) which is commonly
used as a test stimulus which does not affect synaptic
strength; and 1, 10 and 100 Hz stimuli each for 900
pulses. Of these, the 1 Hz stimulus is commonly used
for inducing LTD. For the purposes of this model, the
postsynaptic Ca2+ elevations were scaled linearly to ap-
proximate different stimulus intensities since the buffer
in the current model (Holmes and Levy, 1990) saturates
at higher stimulus intensities. Additional Ca2+ patterns
were computed for a range of buffer concentrations in
the spine head. The time-course of the simulated Ca2+

responses at reference buffer levels (200 µM in the
spine head as detailed in the supplementary notes) is
illustrated in Fig. 3. These Ca2+ responses were used
as inputs to the signaling model.

Amplitude and Pattern Thresholding

I first tested whether the network could distinguish be-
tween pairs of patterns. I utilized the thresholding prop-
erties of a putative bistable feedback loop involving
the mitogen activated protein kinase (MAPK) cascade,
protein kinase C (PKC) and phospholipase A2 (PLA2),
to do this. Although this feedback loop may have in-
formation storage properties (Bhalla and Iyengar, 1999,
2001), this was not important for the current analysis
of temporal decoding. Recent experiments suggest that
MAPK in particular may be involved in pattern discrim-
ination (Wu et al., 2001), and this test was designed to
look for pattern discrimination. Activity of the feed-
back loop was monitored for two contrasting stimulus
patterns: the 9-second 100 Hz burst, and the 3 × 600
pattern. As described in the Methods, stimulus strength
was adjusted by scaling the Ca2+ waveform amplitudes
from Fig. 3, keeping the baseline fixed at 0.08 µM. As
a measure of feedback loop activity, levels of activated
PKC and activated MAPK are plotted in Fig. 4. At low
stimulus intensities, threshold is not reached and the
enzymes in the feedback loop return quickly to basal
activity (Fig. 4a). At intermediate stimulus amplitudes,

Figure 4. Activation of feedback loop as measured by levels of
active PKC (thin trace) and MAPK (thick trace). All plots are in
terms of µM of activated enzyme. The traces on the left are for the
3 × 600 stimulus, and on the right for the 100 Hz stimulus for 9
seconds. a: Transient activation by low stimulus (0.5× reference
stimulus). b: Activation at intermediate stimulus strength (1.26×
reference). The 3 × 600 stimulus gives a transient activation, but
the 100 Hz train gives sustained activation. c: Sustained activation
for both input patterns following strong stimulus (2× reference). d:
Identical stimulus strength and patterns as in b, but with half the
concentration of Ca2+ buffer. The discrimination between stimuli is
reversed: 3×600 gives sustained activation whereas the 100 Hz train
gives only transient activation. e: Calcium waveforms compared for
1× (thick line) and 0.5× (thin line) buffer. In both cases the stimulus
is the first of the 3 × 600 train, 1.26× reference stimulus strength. The
other two tetani in this stimulus produce slightly higher amplitude
calcium waveforms. Inset: expanded time-axis showing the peaks of
the initial transient. f: Calcium waveforms compared for 1× (thick
line) and 0.5× (thin line) buffer, 100 Hz stimulus, 1.26× reference
stimulus strength. The 100 Hz stimulus gives a much more prolonged
elevation of calcium than the 3 × 600 stimulus.

the 100 Hz stimulus is suprathreshold whereas 3×600
is subthreshold (Fig. 4b). At high stimulus amplitudes
both stimuli switch the feedback loop to the active
state (Fig. 4c). Examining the results in Fig. 4 from
top to bottom, we can see that the network performs
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amplitude thresholding. However, examining Fig. 4b
from left to right, we see that the thresholding can also
be considered to produce discrimination between tem-
poral patterns. In this case the system responds more
readily to the 100 Hz stimulus, that is, its threshold is
lower for the 100 Hz stimulus. Thus the network dis-
criminates between temporal patterns as well as ampli-
tude of stimuli.

Threshold Reversal and Regulation

With identical stimulus timing and amplitude as in
Fig. 4b, but half the level of Ca2+ buffer in the dendritic
spine, the selectivity of the network reverses (Fig. 4d).
This strikingly illustrates the dynamic tuning capabil-
ities of the signaling network. The relevant calcium
inputs are shown in Fig. 4e and f. These levels of
Ca2+ buffering are likely to lie within the physiologi-
cal range (Holmes and Levy, 1990) and can be affected
both by signaling and by experimental manipulations
such as perfusion by whole-cell patch electrode buffer
solution (Kostyuk and Verkhratsky, 1995). A possible
explanation for the selectivity reversal is as follows.
Increased buffering does not significantly prolong the
duration of the Ca2+ input for the 3 × 600 stimulus.
The buffer does lower the Ca2+ peak, and thus the ef-
ficacy of the stimulus drops (and its threshold rises) as
calcium buffering gets stronger (Fig. 4e inset). On the
other hand, the 100 Hz stimulus becomes increasingly
effective at higher Ca2+ buffering levels because the
buffering prolongs the duration of Ca2+ elevation in
the 1 µM range (Fig. 4f). Since the stimulus is very
intense, sufficient calcium enters so that even the 1×
buffering case experiences high Ca2+ levels above the
Kd for calmodulin, PKC, and other Ca-dependent en-
zymes. (Fig. 4f). This explanation assumes that some
components of the feedback loop receive input from
Ca-dependent proteins and further have a slow, low-
pass filter-like effect. Both these conditions are true for
the Ras-MAPK pathway (Figs. 1 and 6).

To generalize the relationship between stimulus pat-
tern and cellular context, I computed thresholds for
each stimulus against a range of values for five regula-
tory and stimulus parameters. These were Ca2+ buffer-
ing, amplitude of mGluR input, duration of mGluR
response, stimulation through the Gs pathway, and
growth factor inputs. Thresholds were defined as the
minimum stimulus intensity (i.e., calcium scale fac-
tor) at which a key enzyme (PKC) in the feedback
loop remained at 0.2 µM activity (approx. 60% peak

activity) 3000 seconds after the stimulus. As this time
is greater than the time-course of any of the pathways in
the model, the system will be expected to settle to either
the upper or lower stable state. The simulations show
that regulatory inputs affect thresholds for all stimuli,
but to different extents (Fig. 5). Numerous instances of

Figure 5. Thresholds for different temporal sequences of synaptic
activity as a function of regulatory conditions. The threshold is the
scale factor for calcium elevation with respect to the reference cal-
cium waveform from Fig. 3. It is roughly equivalent to the stimulus
current applied to an axon fiber bundle. There is no direct scaling
from this quantity to current in amps. High thresholds indicate that
strong stimuli are needed to turn on the feedback loop. Filled di-
amonds: 3 × 600 stimulus. Filled squares: 3 × 60 stimulus. Filled
triangles: 2 × 20 stimulus. Crosses: theta stimulus. Asterisks: 0.033
Hz. Open circles: 1 Hz stimulus. Plus signs: 10 Hz stimulus. Open
triangles: 100 Hz stimulus. a: Ca2+ buffering dependence. The 2×20
stimulus and the 100 Hz stimulus both show a sharp drop in thresh-
old. b: Varying amount of glutamate input to the mGluR pathway
with a 0.002 second decay time for glutamate at the receptor. The
glutamate input was applied in synchrony with the synaptic input.
There is an abrupt decline in threshold for each of the continuous
and long-lasting inputs. The threshold for the 1 and 10 Hz stimuli
declines at about 0.1 µM and the 0.033 Hz stimulus also becomes ef-
fective at high intensities. c: Varying time-course of glutamate input
to the mGluR pathway with 1 µM ligand at the receptor. d: Increas-
ing steady levels of Gsα. There is a general increase in threshold.
e: Increasing steady levels of growth factor. All thresholds decline
slowly, and drop to zero at 0.52 nM growth factor, which is sufficient
to turn on the feedback loop by itself.
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threshold crossings are evident, each of which repre-
sents a selectivity reversal. For example, in Fig. 5a, the
reversal discussed above for Ca2+ buffering arises be-
cause of the decline in threshold of the 100 Hz stimulus
(open triangles) coupled with the slow rise in threshold
of the 3×600 stimulus (filled diamonds). At 0.5 buffer-
ing and below, the threshold for the 100 Hz stimulus
is above the crossover value of 1.26. The threshold for
the 3 × 600 stimulus was below 1.26. Thus the 100 Hz
stimulus would fail to turn on the feedback loop, and
the 3×600 stimulus would succeed. At buffering levels
of 1 and greater, the situation is reversed. Under these
conditions, a stimulus of 1.26 is above threshold for
the 100 Hz stimulus, and below threshold for 3 × 600.
As discussed above, the different effects of buffering
in prolonging the Ca2+ pulse, as against lowering the
Ca2+ peak, may account for the opposite trends for the
100 Hz stimulus and 3 × 600 stimulus respectively.

Input through the metabotropic glutamate pathway
also affects thresholds, and interestingly the continu-
ous stimulation patterns change more than the more
complex LTP inducing patterns (Fig. 5b). The reverse
is the case when the duration of the glutamate input to
the mGluR pathway is varied (Fig. 5c). These observa-
tions are more difficult to break down into responses
of individual pathways as multiple signals downstream
of IP3 and DAG, as well as responses to Gqβγ , are af-
fected by mGluR input. Input through the Gs pathway
raises thresholds due to activation of protein kinase A,
which suppresses the Ras input to the feedback loop
(Fig. 5d) (Burgering et al., 1993). Finally, sustained
growth factor input leads to a decline in threshold for
all stimuli. High growth factor levels activate the feed-
back loop without any additional synaptic input, so the
thresholds all drop to zero (Fig. 5e). Signaling path-
ways may have the capacity to perform simple tuning
operations subject to regulation (Bhalla, in press) and
the emergence of complex pattern selectivity from sim-
ple tuning is considered in the discussion.

Time Courses of Response to Inputs

As a first step in analyzing the contributions of differ-
ent signaling molecules to the pattern-selective thresh-
olding seen above, responses of several pathways to
each of the stimulus patterns were computed as a
function of time (Fig. 6). To avoid saturation of re-
sponse due to activation of the feedback loop, simula-
tions were carried out at high levels (30 nM) of MAP-
kinase phosphatase-1 (MKP-1) which is an inhibitory

Figure 6. a: Activation (in µM) of major signaling molecules by
the 3×600 stimulus pattern. There is a wide range of time courses. b:
Activation (in pM) of MAPK by each of the eight stimulus patterns.
Activation responses are low due to high levels of MAPK inhibitor
MKP-1 applied to prevent activation of the feedback loop. Peak re-
sponses vary widely. The 1 Hz stimulus has the largest response. c:
Activation (in pM) of MAPK by the 3 × 600 stimulus pattern over
a range of cellular contexts. From bottom to top: High Ca2+ buffer-
ing; reference; mGluR activation; high stimulus strength; sustained
growth factor receptor activation; and low MKP-1.

phosphatase of MAPK (Brondello et al., 1997). This
prevents turnon of the putative PKC-MAPK-PLA2

feedback loop, but its component pathways continue
to respond to inputs albeit with a lower amplitude.
In other words, the temporal tuning properties of the
signaling network arise independently of any bista-
bility or thresholding involving this feedback loop.
Figure 6 presents a cross-section of these results. Both
the impulse-response as well as the cumulative effects
of repeated stimuli on different pathways are seen in
6a, which uses the 3 × 600 stimulus. There is a wide
range of time-courses. Some pathways respond with a
time-course almost identical to the Ca2+ stimulus (e.g.,
calcineurin, CaN). Several show a complex cumula-
tive buildup (Ca4·CaM, PP1, CaMKII, MAPK, PKA).



56 Bhalla

The cumulative buildup is particularly pronounced for
MAPK. MAPK was therefore further investigated for
each of the eight stimulus patterns (Fig. 6b). It appears
that MAPK acts like a complex integrating function
with distinct selectivity for long, steady patterns such
as the 1 Hz and 10 Hz stimuli (Bhalla, in press). Reg-
ulatory inputs have a large effect on thresholds for the
feedback loop (Fig. 5). It was therefore interesting to
examine how MAPK responses would be affected by
regulatory inputs (Fig. 6c). These results show a wide
range of activation of MAPK and differences in buildup
and waveform of responses to the same 3 × 600 stim-
ulus. This strong dependence on regulators has also
been predicted for tuning responses to simple stimuli
(Bhalla, in press).

Combinatorial Activation of Pathways

The preceding results (Fig. 6) suggested a range
of temporal tuning properties for different signaling
molecules. In recent work I propose that signaling path-
ways can act as temporal tuning elements with selec-
tivity for different input durations or intervals between
pulses (Bhalla, in press). Such temporal tuning of many
interconnected pathways could give rise to a poten-
tially important form of decoding in which the network
would transform complex patterns of synaptic input
into combinatorial patterns of enzyme activity. There-
fore, to evaluate stimulus tuning, the ratio of response
to baseline was averaged over the stimulus period and
3000 seconds following the stimulus to obtain the net
activation of selected pathways. This quantity is termed
the activation ratio. The duration of 3000 seconds was
chosen because all activity of all pathways returns to
baseline within this period (Fig. 6). Other parameters
including response peak and the average moment of the
response about the baseline were also considered (data
not shown). Each of these parameters produces distinc-
tive patterns of tuning, which are different for different
stimulus patterns. It is quite likely that these parame-
ters may be more appropriate as a measure of tuning in
some cases, for example, thresholding by downstream
pathways. As the activation ratio was representative of
each of these measures of response and had qualita-
tively similar combinatorial responses, only this mea-
sure was used in the following analysis.

The MAPK activation ratio is plotted in Fig. 7a as a
function of stimulus pattern. Two regulatory conditions
are considered: the reference condition (open bars: no
regulatory input, standard stimulus parameters) and in

Figure 7. Histograms comparing responses of 3 pathways to 8 stim-
ulus patterns. The bars show the activation ratio, which is the aver-
age of the concentration of the active form of the enzyme divided
by the baseline concentration of the active form. Two conditions
are shown: basal stimulus condition (open bars: no regulators, only
Ca2+ stimulus) and mGluR activated condition (filled bars: basal +
input through metabotropic glutamate receptor). a: Activation ratio
for MAPK. The first four stimuli produce relatively weak activation.
The 0.033 Hz stimulus, as expected, produces almost no activation.
The 1 Hz stimulus and to a lesser extent the 10 and 100 Hz stimuli
activate MAPK quite strongly. The mGluR response is stronger in all
cases, and over an order of magnitude stronger for the 1 Hz case. b:
Activation ratio for CaMKII. The responses follow a similar profile
as for MAPK, except that here the 1 Hz stimulus is weaker than the
10 and 100 Hz stimuli. mGluR causes only a small increase. Note
that the scale here is linear. c: Activation ratio for calcineurin. There
is strong activation in almost all cases except the 0.033 Hz case.
mGluR response is similar to the basal response except for the 1 Hz
case, where it is approx 5-fold larger.

the presence of metabotropic glutamate input to the
network (shaded bars: reference condition + mGluR
input). In both cases, the simulations were performed
at high levels of MKP-1 (30 nM) to demonstrate that the
tuning properties are independent of bistability effects
from the feedback loop. The two key points of this his-
togram are that the MAPK response is strongly affected
by input pattern, and that the response profile changes
under different regulatory conditions. For example,
MAPK is preferentially activated by the 1 Hz stim-
ulus, in line with recent results indicating its involve-
ment both in LTP and in LTD (Bolshakov, Carboni,
2000). The metabotropic glutamate input amplifies all
the MAPK responses, especially to the 1 Hz stimulus.
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Similar histograms are plotted for autonomous
CaMKII (7b) and calcineurin (7c). CaMKII has a rela-
tively small fold activation. The effect of this may still
be considerable since the baseline activity of CaMKII
is already large and CaMKII is present at high levels
at the synapse. The activation of the inhibitory phos-
phatase calcineurin parallels that of CaMKII although
the CaMKII response is relatively weak for the 1 Hz
stimulus. This fine balance between two opposing en-
zymes activated by CaM is consistent with their pro-
posed roles in LTP and LTD (Lisman, 1994).

As a more condensed way of displaying the variety
of responses of several pathways to different stimuli
under different conditions, the activation ratios were
plotted in a matrix of stimuli against signaling path-
ways. Again, these simulations were performed at high
levels of MKP-1 and therefore represent signaling net-
work properties that are independent of the feedback
loop. The model predicts a distinctive response pro-
file for each stimulus pattern, in which certain path-
ways respond strongly to a given pattern, and others
are only weakly active (Fig. 8a). The control 0.033 Hz
stimulus, as expected, elicits very low responses by all
pathways. An unexpected result is that the theta stim-
ulus is the weakest of the four standard LTP-inducing
protocols (the 3×600, 3×60, 2×20 and theta). Its ef-
fects are very similar to the 2 × 20 stimulus that is also
brief and of comparable total Ca2+ influx. It appears
that the time-scale of the theta burst stimulus is shorter
than the pattern-tuning processes operating in this net-
work, and perhaps cellular Ca2+ dynamics contribute
to the experimentally observed efficacy of this stimulus
(Nguyen et al., 2000). The current cellular model may
be insufficiently detailed to exhibit such behavior.

I further examined the effects of altering regulatory
and stimulus conditions on response profiles. Three
changes in stimulus conditions were examined: higher
Ca2+ stimulus amplitudes, higher levels of Ca2+ buffer-
ing, and the effects of co-stimulation of metabotropic
glutamate receptors. (1) The increase in Ca2+ ampli-
tude led to the expected general rise in response, but
the 1 Hz stimulus responses grew much faster than the
others (Fig. 8b). The balance between CaMKII and cal-
cineurin shifts toward the former, as peak Ca2+ levels
rise beyond the Kd for CaM. There is clear evidence of
pattern tuning downstream of the Ca2+ signal, since the
strongest Ca2+ signal is now due to the 100 Hz stimulus,
which does not lead in any other category of response.
(2) Increased Ca2+ buffering, as expected, lowers peak
Ca2+ and widens the peak. The peak reduction affects

the downstream enzymes of CaM for the LTP stimulus
patterns 3 × 600, 3 × 60, 2 × 20 and theta (Fig. 8c).
The remaining stimulation patterns (0.033 Hz, 1 Hz,
10 Hz and 100 Hz) do not appear to be much affected.
(3) mGluR input causes a strongly pattern-selective ef-
fect (Fig. 8d). The 1 Hz stimulus, and to a lesser ex-
tent 10 Hz, lead to highly effective activation of inos-
itol trisphosphate and MAPK pathways, and PKC is
also strongly stimulated. The responses to LTP stimuli
(3×600, 3×60, 2×20 and theta), on the other hand, are
hardly changed. This series of simulations supports the
importance of the details of Ca2+ dynamics in response
tuning of synaptic signaling pathways.

I next simulated the effects of sustained regulatory
inputs. Growth factor stimulation of the receptor tyro-
sine kinase pathway leads to the expected activation of
MAPK (Fig. 8e). The remaining pathways in the model
continue to exhibit stimulus tuning, and even MAPK
retains some tuning despite the background activation
due to growth-factor.

The final simulations examined the responses of the
network at a lower and more physiological level of
MKP-1 (Fig. 8f). Due to the lower MKP-1, basal levels
of MAPK activity are higher, but MAPK retains a large
dynamic range. The feedback loop involving MAPK
and PKC is bistable under these conditions but it starts
out in the less active state in the model. The simula-
tions predict a considerably altered response profile, in
which some stimuli are capable of activating the feed-
back loop. The continuous stimuli appear most effec-
tive at activating the loop under these conditions (But
see Figs. 4 and 5). The presence of the feedback loop
partitions the network responses into two domains. In
the domain of subthreshold stimuli, network responses
are very similar to the situation where bistability is ab-
sent (c.f. Fig. 8a and the 3×600, 3×60, 2×20, theta and
0.033 Hz stimuli of of Fig. 8f). Above threshold, the
strong activity of MAPK and PKC in the feedback loop
cascades down through other pathways. In this manner
the system combines the properties of pattern selec-
tivity in the subthreshold domain with the all-or-none
response of a switch once the threshold is exceeded.

Discussion

Temporal Pattern Decoding by Signaling Pathways

The central prediction in this paper is that the synap-
tic signaling network can perform a transformation of
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information from the time domain to that of combina-
tions of chemical signals. Both input and output pat-
terns may be complex: the transformation is much more
interesting than linear decoding of steady frequencies,
or exclusive tuning of one pathway to one input. An
important elaboration of this finding is that the trans-
formation is strongly influenced by regulatory inputs.
In Figs. 7 and 8 we observe distinct patterns of enzy-
matic activation depending on regulatory context. An
interesting corollary arises from thresholding, which
could arise due to a putative bistable feedback loop in
the signaling network. This leads to an all-or-none re-
sponse selective for specific input patterns. As a further
manifestation of the regulatory capacity of the network,
this selectivity can be altered and even reversed. The
details of signaling activation in this relatively simple
signaling model are almost certainly inaccurate in de-
tail, but, as discussed below, the capability of the net-
work to decode temporal patterns is likely to be present
and may even be richer in the biological system.

Mechanisms of Decoding

Signaling pathways have characteristic time-courses
(Fig. 6) and can exhibit tuning properties with respect
to stimulus duration and inter-pulse interval (Bhalla, in
press). How do these simple tuning properties scale to
decoding complex patterns and generation of combi-
nations of signaling activity? To some extent complex
pattern decoding can be interpreted in terms of simpler
tuning processes. However, all the pathways are em-
bedded in a highly interconnected network and these
cross-interactions make the decoding less intuitive and
more an emergent phenomenon. A useful approxima-
tion in thinking about the stimuli is that they result
in calcium pulses whose amplitude is proportional to
the input frequency. The limitations of this approxima-
tion are evident simply by inspection of the calcium
transients of the cell model (Figs. 3 and 4e and f).
Nevertheless it makes it possible to map some of the
stimulus patterns onto tuning responses of pathways
to square pulses (Bhalla, in press). For example, all
of the continuous stimulus patterns have the same to-
tal number of impulses spread over different durations.
This approximates to an input of the same total calcium
flux spread over increasing duration. From the simula-
tions, it emerges that several pathways respond prefer-
entially to short intense stimuli rather than to prolonged
low amplitude stimuli. Several pathways show this
form of tuning: for example, the calmodulin dependent

enzymes CaMKII and CaN respond only when the
Ca2+ concentration is above the Kd of calmodulin
for Ca2+. This may explain the reduced response of
CaMKII and CaN to the 1 Hz stimulus as compared
to the 10 and 100 Hz cases (Figs. 7 and 8). Another
possible mapping of simple stimulus tuning to the cur-
rent model is to relate the repetitive 2 × 20, 3 × 60
and 3 × 600 stimuli to paired-pulse stimulus tuning. It
becomes rather difficult to take this mapping much fur-
ther, because the tuning of pathways to ‘simple’ stimuli
is already quite complex (Bhalla, in press). Instead, I
propose a more general way of considering the decod-
ing properties of this network by analogy with autoas-
sociative memories.

Associative Memory Analogy

The current signaling network is a highly intercon-
nected recurrent circuit whose elements (signaling
pathways) exhibit temporal tuning as well as conver-
gence and summation of their inputs. Considered as an
analogy of an associative memory, the input vector con-
sists mainly of time-varying patterns of calcium, and
the output consists of time-varying patterns of signal-
ing activity. Certain inputs may therefore correspond
to attractors defined by the temporal properties of the
pathways in the network and by their connectivity. Such
inputs would give rise to characteristic ‘output’ patterns
of activities of pathways across chemistry and time. In-
puts that do not correspond well to any attractor would
give rise to an ill-defined output pattern, whose am-
plitude would quickly decline because of the filtering
effect of signaling pathways. The effect of regulatory
inputs would be to change the attractors such that dif-
ferent input patterns could be selected, and different
output combinations generated. ‘Learning’ of the net-
work is carried out by evolutionary adjustment of rates
and concentrations within the network, to produce sets
of attractors that improve recognition of temporal pat-
terns important for survival. While this is clearly a loose
analogy, it may be a useful abstraction for the complex-
ity of signaling networks.

Synaptic Consequences

In neurobiological terms, this paper provides a pos-
sible biochemical connection between different stim-
ulus patterns and many manifestations of synaptic
change. The model focuses on signaling pathways at
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the synapse; hence the ‘inputs’ are Ca2+ waveforms
from a biophysical model plus glutamate at postsy-
naptic metabotropic glutamate receptors. The ‘outputs’
are activity levels of signaling molecules. The readout
of these activity levels is assumed to occur through
cytoskeletal changes, membrane insertions, channel
phosphorylations and other events that are beyond the
scope of this model. This study predicts a large reper-
toire of input-output relationships arising from a sig-
naling network of pathways implicated in mammalian
synaptic plasticity. The model suggests several specific
cases where cellular context may affect the outcome
of synaptic stimuli. One such prediction is that Ca2+

buffering will influence which stimulus patterns are
most effective in eliciting synaptic change (Fig. 3). If
there is a thresholding process at the synapse, such
as the postulated feedback loop involving MAPK and
PKC (Bhalla and Iyengar, 1999) or CaMKII autophos-
phorylation (Lisman, 1994), this selectivity for differ-
ent patterns may give rise to situations where regu-
latory inputs can reverse the relative efficacy of dif-
ferent stimulus patterns in eliciting LTP. It is known
that calcium buffering affects the direction of synaptic
change in a manner consistent with the sliding thresh-
old model for calcium amplitude (Cho et al., 2001).
The current simulations are an elaboration of the slid-
ing threshold model for synaptic plasticity in that it is
not just intensity, but pattern of input, which determines
whether or not LTP may occur. A further prediction is
that MAPK is strongly activated both for LTP and LTD-
inducing stimuli (Figs. 6 and 7). Our model suggests
that growth-factor activation of MAPK may turn on
the feedback loop (Fig. 5e), and there is some evidence
that this may lead to LTP (Ying et al., 2002). MAPK
activation through electrical stimulation has been re-
ported for LTP as well as LTD (Bolshakov et al., 2000).
MAPK is known to mobilize genetic elements as well
as act on the cytoskeleton, and this may set the stage for
other changes at the postsynaptic junction. Published
experiments show that such an input pattern-selective
structural change is observed in dendritic spines (Wu
et al., 2001).

Model Generality

This model is semi-quantitative in that it utilizes quan-
titative biochemical data and numerical calculation of
chemical signaling, but makes several assumptions and
approximations with regard to the biological detail. Its

predictions are therefore quantitative only to the ex-
tent that these approximations hold. The major sources
of error in these simulations are (1) incompleteness,
(2) kinetic parameters, and (3) spatial considerations.
Numerical error is kept at below 5%.

Model incompleteness is inevitable as there are
bound to be unknown pathways at the synapse, and
known pathways that are not modeled due to incom-
plete data. However, the model does include several of
the molecules known to be involved in synaptic plas-
ticity, and it is therefore suggestive that such decoding
effects may have consequences for synaptic change.

Kinetic parameters in this study are mostly derived
from test-tube experiments, which may obscure the fine
detail of spatially restricted chemical reactions occur-
ring in multi-protein complexes. Thus the error range
is very difficult to estimate even for careful biochem-
ical data reported with error bars. In cell-culture ex-
periments it is possible to monitor input and output
rates for a series of pathways such as the response of
the MAPK pathway to growth factor stimulation (Teng
et al., 1995). In such cases the error ranges are approx-
imately 2-fold between model and simulation. With
current techniques it is not easy to achieve a closer
calibration of error ranges for the less accessible sig-
naling events at the synapse. Stochastic effects in the
small volumes of the synapse may introduce further
variability both in experimental measurements and in
the range of outputs a given model may produce. These
effects are not considered here.

The model incorporates two aspects of spatial dis-
tribution. First, Ca2+ is computed in the compartmen-
tal neuronal model based on 1-dimensional diffusion
in the dendritic spine. Second, the model includes
limited compartmentalization of molecules especially
for membrane binding. In many cases the slow time-
courses of most signaling events should allow good
mixing in the small volumes of the synapse. Compart-
mentalization into structures such as the postsynaptic
density is a bigger concern. This is likely to change
the effective concentrations and access to substrates of
signaling molecules, so again the quantitative results
from this study may be affected. Experimental results
indicate that there may be considerable flux between
the compartments and the cytosol. Examples are the
movement of CaMKII into the postsynaptic density
following autophosphorylation (Miller and Kennedy,
1985; Strack et al., 1997), and MAPK translocation to
the nucleus (Ferrell and Machleder, 1998). As com-
partmentalization is frequently a basis for increased
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complexity in signaling pathways, the potential for sim-
ilar decoding processes may actually be greater (Weng
et al., 1999).

I therefore propose that the temporal decoding prop-
erties reported here are likely to be a subset of the richer
dynamics of actual synaptic signaling networks. It is in-
teresting to speculate that such decoding may be a gen-
eral property of signaling and genetic networks. Many
natural stimuli have characteristic temporal patterns on
the time-scale of seconds to hours. The decoding of
such patterned stimuli into specific combinations of
signaling activity may be a major function of cellular
signaling networks.
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