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Abstract of the Dissertation 

 

The Role of Synchrony in Thalamocortical Connections 

by 

Hsi-Ping Wang 

Doctor of Philosophy in Biological Science 

University of California, San Diego 2011 

Professor Terrence J. Sejnowski, Chair 

 

While various theories have been proposed on the methods by which information 

is encoded, processed, and transmitted within the brain, one view gaining increasing 

currency capitalizes on the ability of large populations of neurons and their associated 

synapses to fire simultaneously in accordance to each other.  However, current 

biological experimental techniques are limited in their ability to accurately observe with 

sufficient precision the activity of such large populations of synapses to the degree 

necessary to conclusively validate and refine population spike-time based coding 

theories.  By using highly detailed computer modeling studies in conjunction with large 

amounts of biologically recorded data from the well-studied and physiologically important 

thalamocortical connections, we are able to bridge the gap between current 

experimental limitations and proposed theories.  We find synchrony to be a highly 

effective mechanism for information transfer and that biological neurons seem to 

balance the need to transmit information reliably and precisely with the energetic costs 

of doing so.  Furthermore, we find that modeling synchrony within increasingly realistic 

environmental and structural contexts not only demonstrates the robustness of 

synchronous information coding, but a likely adaptiveness to noise and other variations 

as found in biological systems.  Overall, these observations help to provide further 

eludication and validation of theories of population-based spike time neural coding and 

neural connectivity. 
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Chapter 1:  Background and Motivation 
 

1.1. The Neural Code 

 

One of the greater unsolved mysteries of the brain concerns how information is 

represented.  In computers, for example, all or none voltage pulses are interpreted as 

the ones and zeroes of a binary code by which information is encoded and decoded.  In 

the brain, there are similar action potential "spikes" of all or none electrical pulses within 

neurons, and these events are transmitted to other neurons through releases of 

chemical neurotransmitters at the synapses.  However, ones and zeros only denote one 

aspect of a code, namely that it can be of a binary nature.  Many other aspects are 

important in determining how information is transmitted.  In the field of neuroscience, 

there are two major hypotheses.  One is that the code is based on the average rate of 

spiking over some time window, usually hundreds of milliseconds, also known as a "rate" 

code.  The other hypothesis is that information is denoted by the precise time at which a 

spike occurs, known as a "temporal" or "spike-time" code, for which the timescale of 

interest is more around 1-3 milliseconds.   

The work done here mainly relates to methods of comparing and contrasting 

various aspects of these two coding types in the hopes of elucidating their role in the 

brain.  Of specific interest is how a single neuron can encode or decode inputs with 

varying characteristics, such as synchrony, spatial distribution, signal to noise ratio, 

conductance strength, statistical characteristics, and more.  Various comparisons are 

made in Chapters 2 through 5 between all of these metrics, with synchrony as the 

central metric by which all others are compared. 

Beyond comparing and contrasting, we are also interested in finding a method of 

determining the optimal synchrony for temporal coding.  In this respect, we find that 

utilizing temporal reliability metrics in conjunction with rate metrics can help elucidate a 

rough range of synchrony that is optimal for temporal coding, and is shown in chapter 4. 
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Finally, by elucidating the input-output transfer function, we can hypothesize the 

relative use of these methods and compare the 2 methods to find what the optimal is.  

This is subject is approached in chapter 4.    

 

1.2. Temporal Precision and Reliability 

 

One of the methods of differentiating between rate-based and spike-time based 

codes is by the precise measurement of the precision and reliability of the spikes 

themselves.  Spike-time based encoding requires that neurons respond in a temporally 

precise, consistent, and reliable manner to a given a set of inputs.  This is not to say that 

rate coding neurons cannot also be precise and reliable, however, it is assumed that to 

be precise requires energy and effort and that nature would not have undertaken such 

costs if it were not important.  

Regarding the term “reliability”, multiple forms of reliability measurements exist, 

and the distinction between precision and reliability is not always clear.  In earlier studies 

(Mainen and Sejnowski, 1995), the terms reliability and precision were related but 

separately measured quantities.  The metric used in our studies, which we simply refer 

to as reliability, actually incorporates both reliability as well as precision in the earlier 

senses (Schreiber et al., 2003a).  Both reliability and precision of spiking are needed 

for a neuron to successfully decode information contained in the patterns of input spikes.  

Note that the output of the neuron need not reproduce the input pattern, but may 

respond with a different pattern of spikes.  Our measure of reliability is only concerned 

with the repeatability of these output spike patterns irrespective of the input patterns.  

 

1.3. Noise 

 

That reliable firing occurs in the brain is remarkable because 1) cells in vivo are 

constantly receiving background synaptic inputs, 2) synaptic release all along the visual 

pathway is stochastic, and 3) synapses have complex short-term dynamics that strongly 
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influence postsynaptic signal integration.  Consequently, an identical set of incoming 

spike trains that is repeatedly presented at pre-synaptic terminals will generate 

significantly different current waveforms at the postsynaptic soma, and may therefore 

generate very different patterns of postsynaptic spike responses.  These sources of 

unreliability can be considered “noise”, and interfere with the synaptic inputs from LGN, 

the “signal”.  The fundamental question we address in chapters 1 through 3 is how the 

experimentally observed high degree of spike timing reliability is possible given such 

large sources of unreliability.   

Previous studies of spike timing reliability have focused on spike initiation (Bryant 

and Segundo, 1976, Mainen and Sejnowski, 1995) and intrinsic neuronal properties, 

such as the nature and distribution of ion channels and the cell morphology (Turrigiano 

et al., 1994, Marder et al., 1996, Fricker and Miles, 2000, Magee, 2003, Schreiber et al., 

2003a, Schreiber et al., 2004).  Extrinsic factors, such as neurotrophic factors (Berninger 

et al., 1999, Goldman et al., 2001) or the specific properties of the somatically injected 

input current, such as frequency and amplitude (Beierholm et al., 2001, Fellous et al., 

2001, Tiesinga, 2002, Brette and Guigon, 2003, Gutkin et al., 2003) may also affect the 

reliability of spiking.  However, these studies did not take into account the stochastic 

nature of synaptic transmission.  On average, only one presynaptic spike out of five 

actually elicits a postsynaptic response (Allen and Stevens, 1994) 

Many of the previous studies also utilized injection of currents, which sidesteps 

the many issues related to dendritic integration.  Our studies address all of these in 

detail with more realistic models that incorporate all forms of noise sources and complex 

dynamics, including probabilistic neurotransmitter release. 

 

1.4. Thalamocortical Connections 

 

Thalamocortical connections are an important region to explore in the context of 

neural coding, and an area where a large amount of experimental data has been 

amassed which allows for a richer analysis using computational models.   
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Various forms of neural coding are thought to exist for various regions of the 

brain (Kumbhani et al., 2007b), as each area expresses differing firing rates and 

reliabilities, amongst other statistics.  One of the most interesting regions is that of the 

interface between the thalamus (part of the midbrain), and the cortex.  The thalamus is a 

region of the brain that is known to exhibit rapid and precise firing, while the cortex, 

overall, is less precise and has complex and subtle information encoded in the firing rate. 

Furthermore, it is known that the recurrent connections between the thalamus and the 

cortex play an important part in cognitive processes and computations.  By studying the 

interface between these different areas, greater insight can be formed in terms of seeing 

where and how the various forms of coding interact.  

Furthermore, the method in which TC connections overcome the problem of 

background synaptic noise is particularly interesting because 1) the cortex is several 

synapses removed from the sensory input stage, allowing synaptic unreliability to 

accumulate through the retinal and LGN levels, and 2) synapses from the LGN account 

for only 5 to 20 percent of the total synapses of the V1 stellate cell (Keller and White, 

1989, Peters and Payne, 1993).   

Chapter 2 and 3 focuses on the specific problem of determining how a V1 layer 4 

neuron is able to respond so reliably with relatively few input synapses from the LGN.  In 

vivo experimental studies in cats have established that repeated presentations of the 

same time-varying visual input result in reliable and precise firing in the retina, LGN, and 

V1 striate cortex (Kara et al., 2000).  The firing pattern in LGN was similar and reliable 

not only within the same cell but also across cells of the same class in different animals 

when stimulated with the same visual input (Reinagel and Reid, 2002).   

 

1.5. Synchrony 

 

Although many mechanisms have been identified that may compensate for the 

stochastic nature of synaptic transmission, synchrony, in particular, now seems to be 

fairly established as one of the main mechanisms of reliable information transfer. 
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Studies on synchrony  and correlation in synaptic input drive through injection of 

currents in slices have established that output spikes tend to occur when inputs are 

sufficiently synchronized (Stevens and Zador, 1998). Other studies have reaffirmed the 

primacy of synchrony in in vivo studies (Bruno and Sakmann, 2006). 

 

1.6. Temporal Input Patterns 

 

Outside of synchrony, specific temporal patterns in input spike trains, such as 

bursting, has been shown to produce higher synaptic transmission reliability (Lisman, 

1997).  Within the visual system, bursting in the LGN has been found to be correlated 

with high coding efficiency (Reinagel et al., 1999, Denning and Reinagel, 2005) and 

closely spaced pairs of pulses greatly amplify the efficacy of transmission from retina to 

V1 cortex (Kara and Reid, 2003).  Chapter 2 and 3 address these issues by directly 

comparing the difference in performance caused by bursting and nonbursting input 

patterns as juxtaposed with the effects of synchrony. 

 

1.7. Morphology 

 

The spatial arrangement of synapses in the context of the morphology of the 

dendrites and soma also affects cell firing properties (Cash and Yuste, 1999, Magee and 

Cook, 2000, London and Segev, 2001, Poirazi et al., 2003b)  As such, we utilize highly 

realistic multi-compartmental models that are informed by the large amount of data that 

has been generated by experimentalists working in this area. 
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Chapter 2:  Mechanisms of Reliable Transmission of 
Thalamic Inputs to the Cerebral Cortex through 
Unreliable Synapses 

 

2.1. Abstract 

In vivo recordings from cat V1 neurons show reliable firing upon repeated 

presentation of the same visual stimulus.  This is surprising, given the presence of large 

amounts of noise from background synaptic inputs, the highly stochastic nature of 

synaptic release, and the fact that only about one tenth of the synapses in a layer 4 

smooth stellate cell come directly from the lateral geniculate nucleus.  We used a 

realistic multi-compartment model of a reconstructed cat V1 stellate neuron to 

investigate the effects of correlated firing, bursting, and spatial grouping of synapses on 

the reliability of spike timing. The model included both inhibitory and excitatory synapses, 

and the excitatory synapse release probabilities exhibited short-term use-dependent 

facilitation and depression.  We found that reliable firing patterns could be obtained for a 

surprisingly low level of temporal correlation across the pre-synaptic inputs from the LGN 

onto a passive dendritic tree. Adding bursts to the correlated pre-synaptic spike trains 

increased reliable firing, but spatial grouping of synapses was, in general, detrimental. 

These results place morphological and physiological constraints on information flow from 

the LGN to V1 and highlight interactions between the spatial distribution and timing of 

excitatory and inhibitory inputs.  



9 

 

 

2.2. Introduction 

 

Spike-time based encoding requires that neurons respond in a temporally precise, 

consistent, and reliable manner to a given a set of inputs.  In vivo experimental studies in 

cats have established that repeated presentations of the same time-varying visual input 

result in reliable and precise firing in the retina, LGN, and V1 striate cortex (Kara et al. 

2000).  The firing pattern in LGN was similar and reliable not only within the same cell 

but also across cells of the same class in different animals when stimulated with the 

same visual input (Reinagel and Reid 2002).  This finding is remarkable because 1) cells 

in vivo are constantly receiving background synaptic inputs, 2) synaptic release all along 

the visual pathway is stochastic, and 3) synapses have complex short-term dynamics 

that strongly influence postsynaptic signal integration.  Consequently, an identical set of 

incoming spike trains that is repeatedly presented at pre-synaptic terminals will generate 

significantly different current waveforms at the postsynaptic soma, and may therefore 

generate very different patterns of postsynaptic spike responses.  These sources of 

unreliability can be considered ‘noise’, and interfere with the synaptic inputs from LGN, 

the ‘signal’.  The fundamental question we address is how the experimentally observed 

high degree of spike timing reliability is possible given such large sources of unreliability.   

 The problem of background synaptic noise affecting V1 cells is particularly acute 

because 1) the cortex is synaptically distant from the sensory input stage, allowing 

synaptic unreliability to accumulate through the retinal and LGN levels, and 2) synapses 

from the LGN account for only 5 to 20 percent of the total synapses of the V1 stellate cell 

(White and Keller 1989; Peters and Payne 1993).  This study focuses on the specific 

problem of determining how a V1 layer 4 neuron is able to respond so reliably with 

relatively few input synapses from the LGN. 

Previous studies of spike timing reliability have focused on spike initiation (Bryant 

and Segundo 1976; Mainen and Sejnowski 1995) and intrinsic neuronal properties, such 

as the nature and distribution of ion channels and the cell morphology (Magee 2003; 

Schreiber et al. 2004; Fricker and Miles 2000; Marder et al. 1996; Turrigiano et al. 1994).  

Extrinsic factors, such as neurotrophic factors (Berninger et al. 1999; Goldman et al. 
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2001) or the specific properties of the somatically injected input current, such as 

frequency and amplitude (Beierholm et al. 2001; Brette and Guigon 2003; Gutkin et al. 

2003; Fellous et al. 2001; Tiesinga et al. 2002) may also affect the reliability of spiking.  

However, these studies did not take into account the stochastic nature of synaptic 

transmission.  On average, only one presynaptic spike out of five actually elicits a 

postsynaptic response (Allen and Stevens 1994; Dobrunz and Stevens 1997; Stratford 

et al. 1996). Studies that rely on somatic injection of currents also sidestep the many 

issues related to dendritic integration. 

 At least three mechanisms can be identified that may compensate for the 

stochastic nature of synaptic transmission. 1) Studies on synchrony (correlation) in 

synaptic input drive through injection of currents in slices have established that output 

spikes tend to occur when inputs are sufficiently synchronized (Stevens and Zador 1998).   

2) Bursting in input spike trains can produce higher synaptic transmission reliability 

(Lisman 1997).  Within the visual system, bursting in the LGN has been found to have 

high coding efficiency (Reinagel et al. 1999; Denning and Reinagel 2005), and closely 

spaced pairs of pulses greatly amplify the efficacy of transmission from retina to V1 

cortex (Kara and Reid 2003).   3) The spatial arrangement of synapses also affects cell 

firing properties (Magee and Cook 2000; London and Segev 2001; Cash and Yuste 

1999; Poirazi et al. 2003), although the impact of these properties on reliability has not 

been explicitly studied.  

Here we included all of the major sources of unreliability within a realistic multi-

compartment model of a V1 stellate cell.  Short spike sequences, mimicking LGN 

recordings, serve as inputs to dynamic stochastic synapses embedded in the dendrites, 

which integrate the resulting postsynaptic currents.  We investigated three specific 

hypotheses that could contribute to the reliable output firing patterns observed in vivo. 1) 

The pre-synaptic spikes from LGN neurons are temporally correlated. 2) The pre-

synaptic spikes contain bursts of action potentials and 3) Subsets of LGN synapses are 

spatially organized onto specific dendritic regions of the cell.    
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2.3. Methods 

 

2.3.1. Model and quantitative assumptions 

All simulations were conducted on a Hodgkin-Huxley multi-compartment neuron 

model using the NEURON simulation environment (Hines and Carnavale 1997).  We 

used a digitally reconstructed spiny stellate cell of the cat V1 region, layer 4 (Mainen and 

Sejnowski 1996) consisting of 744 compartments.  It has been found experimentally that 

of the approximately 5,000 - 10,000 synapses on these cells, about 6% are excitatory 

thalamic afferents (Ahmed et al. 1994).  Approximately 80% of synapses on a spiny 

stellate cell are excitatory, and 20% are inhibitory (Anderson et al. 1994).  In the model, 

we simulated 400 LGN excitatory synapses, 5,000 intracortical (from L4 and L6) 

excitatory glutamatergic synapses, and 1,000 inhibitory GABAergic synapses. Unless 

otherwise noted, all excitatory synapses were uniformly and randomly distributed 

throughout the dendritic tree and soma, while the inhibitory inputs resided 

perisomatically within 200 microns of the soma.   The background presynaptic firing rate 

of the LGN and intracortical excitatory synapses was set at 1 Hz while the presynaptic 

intracortical inhibitory cells fired at 5 Hz.  All background spikes were Poisson distributed.   

Because the precise distribution of dendritic ion channels is still largely unknown 

for these cells (White and Keller 1989; Poirazi et al. 2003), we study here a passive 

dendritic tree. The distribution of leak channels reflected, however, the fact that 

dendrites were more ‘leaky’ than the soma (Spruston and Stuart 1998) and as a 

consequence we distributed these channels in a graded manner (see appendix). 

The somatic compartment contained delayed rectifier potassium (Kdr, reversal 

potential = –80 mV) and fast sodium (Na, reversal potential = 50 mV) currents 

responsible for spike generation.  We also added a somatic M current to allow for spike 

frequency adaptation, and a generic slow calcium-activated potassium current to prevent 

excessive bursting.  Equations and parameters can be found in the appendix. 
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For all of the experiments, we only altered the presynaptic spike trains of the 400 

LGN synapses.  The 6,000 other excitatory and inhibitory synapses were set at 

continuous Poisson distributed firing mode and were considered background noise. 

2.3.2. Dynamic stochastic synapse 

One important property of excitatory synapses is that they exhibit short-term 

facilitation and depression, which increase and decrease, respectively, the probability of 

release according to the history of preceding spikes over the last several hundred 

milliseconds (Dobrunz and Stevens 1997).  In computational modeling, these dynamics 

are traditionally incorporated phenomenologically (Varela et al. 1997; Tsodyks et al. 

2000) so as to vary the level of facilitation and depression based on the measured 

average responses of a large group of synapses.  However, these models do not 

capture the stochasticity of individual synapses that only release vesicles on the order of 

20% of the time on average (Allen and Stevens 1994).  This stochasticity of individual 

synapses is an important source of unreliability, which we include in the model.  

The dynamic stochastic synapse we used was based on previous experiments 

and theoretical formulation using minimal stimulation (Maas and Zador 1999; Stevens 

and Wang 1995).  The probability of release is characterized by the equation 

Pr(t) = 1 – e-F(t)D(t)                              (1) 

where F and D are tuned time-dependent constants for facilitation and depression, 

respectively.  Where 
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where S is the dynamically updated set of spike times that yielded release (D0, , 

’ are constants).  See appendix for the numerical values used. 

At each excitatory synapse, when a presynaptic spike is received at time t, a 

random number from a uniform distribution is drawn and the probability of release, Pr(t), 

is calculated based on the current spike history S.  If the random number is larger than 

Pr(t), a postsynaptic potential is generated, and S is updated.  Note that it is not 

necessary to update Pr(t) for each synapse at every simulation time increment – only 

when a presynaptic spike occurs at that synapse. 

The dynamic synapse model was used for all excitatory synapses, both from 

LGN and from intracortical presynaptic neurons.  For inhibitory synapses, a fixed 

(Poisson) release probability was used where the mean rate of release was tuned to 5 

Hz. 

2.3.3. Calculation of reliability 

Reliability was computed using a correlation-based measure (Schreiber et al. 

2003) applied to the spike train output of the model neuron.  The spike trains obtained 

from N repeated presentations of the same stimulus were each convolved with a 

Gaussian filter of width, 2σ (denoted is


 for the ith smoothed train). After convolving all N 

trials, the inner product is taken between all pairs of trials (each trial normalized by its 

norm), the inner products are summed, and the sum is divided by the number of pairs to 

yield a reliability measure on the interval (0,1). Formally, the reliability R is defined as 
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We used σ = 3 ms, N = 30 trials based on the observation that reliable events in 

the experimental data occur with a jitter of approximately 3 ms (Reinagel et al. 1999).  

The choice of 30 trials was found to be the most reliable in providing good estimates of 

R without running excessively many time-consuming trials (data not shown). 
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Our reliability metric had a bias for higher firing rates.  This was because an 

increase in overall spike density inevitably caused more overlap with input spikes and 

thus increased the measured spike timing reliability level.  This effect, however, was 

minor in the output frequency ranges that we examined. 

 

2.4. Results 

 

2.4.1. Synaptic dynamics 

To validate the model of stochastic dynamic synapses, we compared the 

performance of the model synapse with physiological data from prior studies (Dobrunz et 

al. 1997).  A sufficiently large number of randomly distributed stochastic synapses  were 

able to reproduce the synaptic EPSP responses elicited in vitro with extra-cellular 

synaptic stimulation as reported in the literature.  

Facilitation and depression gave synaptic responses a measure of history 

dependence.  Figure 2-1, left panel, shows the degree of facilitation during a paired-

pulse paradigm, as a function of the inter-pulse interval recorded in vitro in hippocampal 

pyramidal cells (Dobrunz et al. 1997, Figure 2-1A).  With moderate stimulation of a 

population of synapses, the paired pulse ratio (PPR) was always above 1, indicating 

facilitation.  The synaptic model produced a similar curve of facilitation (Figure 2-1A, 

right panel) when we stimulated 400 excitatory synapses with values given in the 

appendix.  Because the model also incorporated synaptic depression (not usually 

prominent in hippocampal CA1 slices), the PPR did not reach as high a peak as in the 

experimental results and also reached a PPR below 1 at high inter-pulse intervals. Insets 

in the left panel show sample EPSP traces from the experimental data.  The inset on the 

right panel shows a two-dimensional rendering of the model stellate cell throughout all 

simulations.  It has six major dendritic branches emerging from the soma when viewed in 

three dimensions.   

In separate experiments, natural stimuli produced variable responses (Dobrunz 

and Stevens 1999).  Figure 2-1B, left panel, shows that constant frequency stimuli elicit 
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a fairly constant field EPSP slope but when the input was changed to natural, Poisson-

like stimuli (at the arrow), the EPSP slope became much more variable.  We qualitatively 

replicated these results by comparing regular spike trains (showing a similar constant 

EPSP slope) with a Poisson-like input, which yielded much more variability Figure 2-1B, 

right panel). When the same natural stimulus was repeated four times (Figure 2-1C, left 

panel), remarkably little variability was seen in the EPSP slope as shown by the 

standard deviation bars on the data points (Dobrunz and Stevens 1999).  The model 

synapse also demonstrated little variation in its response to the repeated Poisson-

distributed random input spike train (Figure 2-1C, right).    

Note that there are some quantitative differences between the experiment and 

the model, since we used the same model parameters for all simulations shown in 

Figure 2-1, whereas the experimental results are derived from different cells and 

synapses.  Moreover, we used cat V1 stellate cell morphology, but the experimental 

results cited above were obtained from cells in the hippocampus.  These differences 

warrant further exploration. 

Having shown biologically similar characteristics of short-term dynamics 

(facilitation and depression) as well as low degrees of variability with natural stimulation, 

we then examined the frequency-dependent output properties of our dynamic stochastic 

synapses. In many previous modeling studies the effects of stochastic release were 

approximated by assigning synaptic weights that deterministically varied with spike 

history (Varela et al. 1997).  In our more realistic ‘dynamic model’ of synaptic release, 

however, a presynaptic spike leads to vesicle release with a probability that is altered 

according to the history of previous synaptic releases.  The dynamical model should 

approach the postsynaptic response characteristics of the deterministic model with 

increasing numbers of synapses, as the effects of the variability of single stochastic 

synapses are averaged out.  

Figure 2-2 shows the membrane potential at the soma when 400 synapses 

distributed randomly on the dendritic arbor received regular trains of presynaptic action 

potentials at 20 Hz (top panel) and 50 Hz (bottom panel) respectively.  For comparison, 

we plot the membrane potential of the deterministic model (Varela et al. 1997) with the 
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same stimulation and the same number of synapses.  The traces show the slightly more 

complex responses generated by the dynamical model as a consequence of the 

stochasticity in vesicle release.  Thus, the model of a stochastic synapse matches both 

the experimental data obtained in vitro and the previous phenomenological models of 

synaptic depression and facilitation. 

 

2.4.2. Three possible compensation mechanisms 

We studied three different types of compensation for the unreliability of synaptic 

transmission: 1) temporal correlation across randomly distributed synapses, 2) bursts in 

individual presynaptic trains and 3) spatial correlation (grouping of synapses on 

dendrites).  Each of these different mechanisms will be explored in turn.   

 

2.4.3. Correlation 

To study the effects of correlated synaptic inputs on reliability, we added spikes 

to the LGN synapses in a controlled way.  A given fraction of the 400 thalamocortical 

synapses received additional spikes that were correlated and that represented the 

‘signal’ that would be carried from the LGN when a stimulus was presented to the 

receptive field of the neuron.  The correlated presynaptic ‘signal’ spikes at the given 

synapses all occurred at the same mean times but had a random jitter added to each 

spike independently at each synapse. Unless noted otherwise, the jitter (Gaussian 

standard deviation) of these signal spikes was set to 3 ms, compatible with 

measurements made in vivo in LGN (see below). A correlation of 100% meant that all 

400 thalamocortical synapses received the jittered spike pattern, embedded within the 

background of ‘noisy’ presynaptic spikes.  Likewise, a correlation of 50% meant that only 

200 of the thalamocortical synapses received the jittered spike pattern while the other 

200 had only background spikes.  Zero correlation meant that no ‘signal’ spikes were 

added to any of the presynaptic spike trains of the 400 thalamocortical synapses.  Figure 

2-3A displays rastergrams demonstrating 20% correlation (upper left panel) and 80% 
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(upper right panel) and the panels beneath them show the resulting action potential 

spike times for each of the 30 trials used to determine a single reliability data point.   

We first explored the effects of temporal correlation on synapses randomly 

distributed on the dendritic tree, where increasing numbers of randomly chosen 

synapses have correlated signal spikes embedded in their presynaptic spike trains.  A 

physiological ‘baseline’ curve (Figure 2-3 B) was created with 1 Hz excitatory and 5 Hz 

inhibitory background firing for all synapses, and with an additional presynaptic spike mix 

of 2 Hz signal and 1 Hz noise at thalamocortical (LGN) excitatory synapses (thus totaling 

2 Hz signal / 2 Hz noise).  The spike-time reliability (STR) curve had a high slope in the 

first half of the correlation range (0-50%) before rolling off to saturation demonstrating 

that a small increase in correlation in this low range yielded a large increase in reliability.  

For comparison, we include the result expected if the increase of reliability were linearly 

related to the input correlation.  

We next explored the effect of presynaptic spike-time jitter on the reliability by 

varying the nominal 3 ms jitter over the range of 0 to 48 ms (Figure 2-4A).  From 0 to 6 

ms jitter, the cell retained a high degree of reliability response, rising sharply within the 

10-30 % correlation range.  Higher amounts of jitter reduced reliability and linearized the 

curve with a decreased slope. In the remaining simulations, the jitter was held constant 

at 3 ms in accordance with experimental measurements (Gray 1994; Reinagel and Reid 

2000). 

For a given set of correlated synapses, the signals from LGN may arrive at 

different rates relative to the background noise. The second noise parameter we 

manipulated was the insertion or deletion of presynaptic spikes, either in the background 

noise spikes or signal spikes from LGN.  The metric for the alteration of these spikes 

was the signal-to-noise ratio (SNR), computed as the ratio of signal spikes to noise 

spikes over a given time interval.  Note that different total firing rates, from the sum of 

signal spikes and noise spikes, could yield similar SNRs and vice versa.  An experiment 

that held the background noise fixed but increased the signal spike rates above 3 Hz 

(and thus SNR > 1) had similarly high degrees of reliability (Figure 2-4B).  Furthermore, 

the reliability saturated at approximately the same level, SNR = 3 (6 Hz signal).  As 
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expected, the reliability response dropped with SNR decreasing below 1 (Figure 2-4B). 

These results show that the reliability profile of signal transmission with correlated 

synapses is already maximal for values of SNR just above 1, and that not much 

additional reliability is gained by increasing the SNR beyond 3. 

We next held the signal spike rate fixed but varied the number of random noise 

spikes.  For noise levels above SNR =1, (2 Hz signal  / 2 Hz noise) the reliability 

response of the neuron decreased precipitously. As before, the reliability increased 

rapidly for low levels of correlation and tended to grow more slowly for higher levels of 

background noise (Figure 2-4C). 

Finally, we examined the effects of correlation, with and without short-term 

synaptic dynamics (STD). We explored at high (12 Hz signal / 2 Hz noise), medium (2 

Hz signal / 2 Hz noise) and low SNR values (2 Hz signal / 12 Hz noise) and found that 

the short-term dynamics increased reliability  at high correlation values (Figure 2-4D), 

but at low correlation values the effects were small and decreased the reliability at high 

SNR values.  Thus, use-dependent short-term dynamics improve the reliability of signal 

transmission at either low SNRs or at high input correlations.   

 

2.4.4. Bursting 

In addition to a tonic, non-bursting mode, the LGN has a bursting mode in which 

several action potentials are fired in rapid succession.  We studied the effects of LGN 

bursts on the firing reliability of the reconstructed layer 4 simple cell.  Studies in vivo 

showed a large variability in burst parameters when the visual stimuli were natural 

scenes or full field flickers, raising the issue of whether some burst types were more 

effective than others in carrying visual information (Reinagel et al. 1999; Denning and 

Reinagel 2005). We varied burst parameters such as number of spikes per burst and 

interspike interval (ISI) within bursts and explored the effect on reliability in various noise 

regimes and in the presence or absence of short-term synaptic dynamics. 

First we examined the number of spikes per burst.  In a cat, the number of spikes 

in a burst varies from 2 to 5 with an average of 3 spikes (Reinagel et al. 1999).  We held 
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the ISI fixed at 3 ms and varied the number of spikes per burst from 1 (non-burst) to 5 

and found that maximal reliability was reached with just two spikes per burst, and that 

more spikes per burst did not significantly increase reliability (Figure 2-5A). 

We next studied the effects of varying ISI on reliability.  Burst ISIs vary between 

1.5 and 4 ms and average around 3 ms (Reinagel et al. 1999).   We ran simulations with 

bursts that contained 3 spikes and ISIs that varied from 1.5 ms to 4.5 ms.   We did not 

find significant difference in reliability for the range of ISIs that we tested (Figure 2-5B).  

Because bursting occurs in addition to background noise, we next performed a 

series of simulations aimed at studying the efficacy of bursting at various background 

noise levels.  The LGN synapses were given a presynaptic spike train with 3 spikes per 

burst and a 3 ms intra-burst ISI, in the presence of  2 Hz noise, 5 Hz noise, and 20 Hz 

noise (Figure 2-5C).  Bursting was found to be helpful in generating higher reliability in 

all noise environments, but the gain in reliability was much higher at low background 

noise levels (below 10Hz).  

 Finally, we explored the contribution of short-term synaptic dynamics to reliability 

for bursting inputs, which decreased reliable firing across all noise regimes tested 

(Figure 2-5D).  Short-term dynamics slightly decreased reliability for correlations 

between 10-50%.    

 

2.4.5. Spatial Grouping 

Thus far the correlated presynaptic signals were located randomly on the 

dendrites  (no spatial correlation). We also explored the effect of having the synapses 

spatially grouped using two different grouping strategies.  One strategy was radial 

grouping of synapses according to their distance from the soma (Figure 2-6A); the 

second was to group the synapses on the same dendritic branch (Figure 2-6B).   

We parameterized these strategies with two variables: theta (θ), for the dendritic 

branch, and r, the distance to the soma.  These two variables (θ and r) constitute a 

polar-like coordinate system for selecting synapses.   
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For both the radial grouping and branch grouping strategies, we distinguished 

distal to proximal (Out->In) versus proximal to distal (In->Out) synapse selection.  For 

example, in the 

Out->In radial grouping strategy, the first synapses to be grouped together for 

correlation were the synapses that lied farthest away (more distal) from the soma 

(regardless of what branch they were on), and the last synapses added lied closest to 

the soma.  In the reverse case, for an In->Out radial grouping strategy, the synapses 

most proximal were added first (Figure 6A, left panel, shows grouping zones).  In the 

case of branch grouping, the same In->Out and Out->In strategies were used, but with 

the added stipulation that the synapses picked for correlation had to belong to a certain 

branch first before using synapses on any other branches (Figure 2-6B, left panel, 

shows highlighted branches). 

For the radial grouping study, the In->Out grouping strategy increased reliability 

compared to the random correlation baseline.  The average reliability gain was most 

prominent for low correlation values (less than 30%).  The Out->In strategy decreased 

STR in comparison to the random correlation baseline at all levels of correlation (Figure 

2-6A, right panel).  The maximal difference of the Out->In STR curve from the baseline 

curve occurred at 40% correlation where the former was less than the latter by 

approximately 18%.   

In the branch grouping strategy, both In->Out and Out->In strategies yielded 

STRs that were lower than the baseline for correlation values greater than 20%.  The 

curve was below by an average of 10% (Figure 2-6B, right panel).  These results 

indicated that branch grouping is in general detrimental to reliability. 

 In other related experiments (not shown), the synaptic density on the dendritic 

tree was altered by either increasing or decreasing the number of synapses assigned to 

a single branch.  It was found that increasing synaptic density appeared to decrease 

STR, possibly due to current shunting.  In-depth studies of relative effectiveness of 

synapse spacing and placement require more realistic models with accurate synaptic 

strength scaling and active dendritic channels, which is outside the scope of this study.  
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2.5. Discussion 

 

The goal of this study was to explore the relative impact of correlation, bursting, 

and spatial grouping of synaptic inputs on the reliable transmission of information from 

thalamus to visual cortex in the face of large amounts of background synaptic noise and 

of stochastic synaptic transmission.  The model included background firing, stochastic 

synaptic release, and the short-term dynamics of synaptic facilitation and depression, 

which were based on data obtained in vitro, and were compatible with other 

phenomenological models. 

We found that relatively small temporal correlation of presynaptic input, by itself, 

greatly increased spike timing reliability (STR) in thalamocortical connections.  The 

addition of bursts further increased the STR of the system, although the number of 

spikes per burst and the specific burst ISI was not very important.  Spatially grouping the 

synapses that received correlated input also had a positive effect on reliability when the 

correlated synapses were located on proximal dendritic branches.  Thus the synaptic 

location on the dendritic tree as well as the spacing between other grouped input 

synapses may affect final STR of the postsynaptic neuron.    

In summary, correlation and bursting are effective in countering noise and 

increasing the reliability of signal transmission, and spatial grouping of synapses 

appears to have a mixed effect on reliability. 

 

2.5.1. Correlation is efficient 

Our main finding is that a layer 4 stellate simple cell can fire reliably with only a 

moderate amount of input correlation despite unreliable synapses.  In particular, the STR 

curve indicated a high degree of gain in reliability for small input correlations (< 30%).  

This is important since there is a tradeoff between correlation and metabolic expenditure 

to achieve a given amount of information transmission capacity.  These findings are 

consistent with previous physiological experiments that found synchronized, correlated 

firing with 1 ms precision in thalamocortical synapses (Alonso et al. 1996). 
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We found that a stellate simple cell can tolerate up to 6 ms jitter in single spike 

signals from the LGN before becoming unreliable; at low SNRs there was a signal-to-

noise ratio floor tolerance of around 0.5 before rapid drop-off in reliability.  From these 

measures we conclude that there is a robust degree of tolerance to noise in the input 

signal spike trains.  The addition or subtraction of input spikes or their shifting may be 

related to non-binned metrics proposed for measuring similarity between two spike trains 

and for temporal coding precision (Victor and Purpura 1996).  

 

2.5.2. Synaptic dynamics  

The short-term excitatory synase dynamics of facilitation and depression can 

either increase or decrease reliability depending on the firing rate.  Short-term 

depression decreases the probability of synaptic release, and consequently decreases 

the probability of responding to a following presynaptic spike.  In noisy regimes a ‘noise’ 

spike is more likely to follow a ‘signal’ spike allowing synaptic dynamics to improve 

stellate cell reliability in noisy conditions.  This agrees with previous studies that found 

synaptic depression to increase the efficiency and reliability of information transfer at 

synapses (Berry and Meister 1998). 

 

2.5.3. Bursts are efficient at low presynaptic firing rates 

LGN bursts greatly improve spiny stellate cell reliability at low (< 10 Hz) LGN 

‘noise’ spike firing rates.  This agrees with previous in vivo studies that show that bursts 

are more effective than tonic spikes in driving cortical responses (Swadlow and Gusev 

2001) and that measures of reliability are significantly greater for burst spikes than for 

tonic spikes (Alitto et al. 2005).  Bursting may not be as effective at high presynaptic 

background firing rates because the probability of release in those states is lower so little 

is gained by presynaptically stimulating repeatedly (as with a burst).  A systematic 

variation of burst parameters showed that the effect is robust to the exact configuration 

of the bursts (number of spikes and intra-burst interval), with an optimum reached for 

small numbers (< 4) of spikes and short ISIs (< 6 ms). The gains in reliability from 
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bursting, however, are at the expense of metabolic cost for the excess spikes.  Also, 

although not explored here, the higher reliability produced by thalamocortical bursts is 

thought to be possibly involved in perceptual/attentional processes (Swadlow and Gusev 

2001). 

 

2.5.4. Spatial grouping causes complex but minor effects   

Spatial grouping of LGN synapses on restricted dendritic branches, or at large 

distances from the soma, decreased reliability in the model stellate cell.  The decrease in 

reliability could be due to shunting effects: The correlated firing of nearby synapses 

caused sublinear summation of the resultant EPSPs (Poirazi et al. 2003).  For low 

values of correlation (0 - 30%), however, grouping synapses closer to the soma had a 

significant salutary effect on reliability. When there were relatively few presynaptic 

excitatory synapses with the correlated input signal (up to 120, corresponding to 30% 

correlation) and the synapse distribution was random throughout the dendritic tree, a 

significant percentage of the synapses was far from the soma and thus suffered signal 

attenuation by passive losses in the dendrites.  Grouping the same number of dendrites 

closer to the soma increased their strength because the passive losses were lower.  The 

loss with distance was also superlinear due to decreasing dendrite diameters with 

distance.  

 

2.6. Conclusions 

 

Simulations show that the most reliable information transmission through 

thalamocortical synapses with the least resources occurs with correlated firing (up to 

30 %), in combination with bursting, and with excitatory input synapses that are 

distributed throughout the dendritic tree of the target neuron, rather than grouped 

together.  
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These predictions could be tested with intracellular in vivo experiments that inject 

the modeled somatic currents and compare the reliability levels to the predictions of the 

models. By activating the LGN synapses alone, in the various conditions of correlation 

and bursting, this experiment could allow for a more realistic and constrained 

background synaptic activity component (i.e. the actual levels, found under anesthesia). 

This would validate the assumptions and parameters of the model and confirm the 

efficacy of the mechanisms that stellate cells use to attain a high degree of reliability.  

The next step is to model the orientation selectivity of a simple cell.  This would involve 

the integration of the single cell mechanisms modeled here with circuit level 

characteristics.   

These reliability results should be taken with some degree of caution, however, 

because the models used in this study are based on passive dendrites.  It is well known 

that active dendritic currents, especially if non-uniformly distributed, can lead to both 

supralinear and sublinear summation of synaptic currents in some types of neurons.  

The extent to which active channels in the dendrites override passive dendritic 

properties for the Layer 4 stellate cell has not been well established. Since the stellate 

cell is not large and is relatively compact, it may be that the active currents are not as 

important as in a cortical pyramidal cell.  This will be explored elsewhere. 

Nevertheless, the results of this study provide good insight into the direct effects 

of correlation, bursting, and grouping upon reliability in the LGN-cortex system where the 

synapses behave stochastically with short-term dynamics and the results are not 

confounded by active dendritic currents.  This opens the door to adding complexity to the 

stellate cell model, (based upon valid physiological data when available), and for being 

able to separate out the contributions from the added mechanisms.  
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2.7. Appendix 

 

2.7.1. Morphological model 

 All simulations were performed using the NEURON simulation environment 

(Hines and Carnevale, 1997).  We used a digitally reconstructed spiny stellate cell of the 

cat V1 region, layer 4 (Mainen and Sejnowski, 1996), consisting of  744 compartments 

(Figure 2-1C), subdivided into 6 dendritic branches. The soma area was 779 m2, the 

total dendritic area was 22,491 m2 and the perisomatic area (where GABAergic synapses 

were located, see below) was 2032 m2. We added an axonal segment of length 250 m and 

total area of 95 m2.   

 

2.7.2. Global modeling parameters 

 For all NEURON simulations, several standard parameters were used.  The time 

step for each run was set at dt=0.1 ms, and the total duration was 1500 ms. The first 500 

ms of each simulation was considered to be numerical transients, and were discarded 

from analyses. All currents were temperature dependent (Q10=3 by default), and the 

temperature was set at 36 oC. The initial membrane voltage was -60 mV and the global 

axial resistance was set at 100 Ohm-cm.  The potassium reversal potential EK = -80 mV 

and sodium reversal potential ENa=50 mV were kept constant. The membrane 

capacitance was set to 1.7 F/cm2 to account for the presence of spines (Spruston and 

Stuart 1998). 

 

2.7.3. Currents 

In all simulations the dendritic tree was passive with a leak current distributed 

non-uniformly according to: 

 
e1

R - R
  R  R(d)

d)/s -(d
endsoma

soma half
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where dhalf is the distance at which the function is halfway between Rsoma and Rend, and s 

determines the steepness of the decay from Rsoma to Rend with distance d from the soma 

to all dendritic compartments (Spruston and Stuart 1998). We used s = 50 m, rsoma = 

33,333 cm2 and rend = 10,000 cm2 

The somatic compartment contained a generic M-current based on (Gutfreund et 

al. 1995). The calcium current was based on (Reuveni et al. 1993) and the generic 

calcium pump was based on (Destexhe et al. 1993).  The calcium-dependent potassium 

current was based on (Destexhe et al. 1994) and both the fast sodium current and 

delayed rectifier currents were based on (Traub et al. 1994).  

 

2.7.4. Synapses 

 All synapses were implemented explicitly as point processes with a continuously 

integrated kinetic scheme that described an alpha function, allowing for summation 

(Srinivasan and Chiel 1993).  We included 400 LGN AMPA synapses (time constant 3 

ms, reversal potential 0 mV, Gmax = 0.65) with presynaptic release times Poisson 

distributed at 1 Hz. These synapses carried the signal.  Background noise was simulated 

with an additional 5000 AMPA input synapses, each receiving a presynaptic Poisson 

train at 1 Hz (Gmax = 0.64, adjusted so as to yield an approximate 2Hz background firing 

of the reconstructed cell).  One thousand GABAergic background noise synapses (time 

constant 10 ms, reversal potential -80 mV, Gmax =0.05) were added with presynaptic 

release times Poisson distributed at 5Hz. All GABAergic synapses were deterministic (i.e. 

no stochastic release) and uniformly distributed within 200 m of the soma. 

 Excitatory synaptic release was made stochastic according to the procedure 

described in the Methods section. For all simulations, we used F0= 0.003, D0= 60 

(yielding an initial probability of release of 0.2), the magnitude of depression was set to  

= 0.02, and the magnitude of facilitation was set to = 50. The time constants were set 

to = 94 msec and ’ = 380 msec after (Varela et al. 1997). 
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2.9. Figures 

 

Figure 2-1. Comparison of synaptic dynamics between simulations and experimental data.   
Left column: experimental results from in vitro studies of hippocampal synapses (Dobrunz et al. 
1997; Dobrunz and Stevens 1999).  Right column: responses from our computational model 
utilizing 400 AMPA synapses randomly distributed throughout the dendritic arbor (see appendix).  
A, right panel, inset:  2D morphological model of the LGN V1 layer 4 stellate cell used in 
simulations throughout the paper.  A:  paired-pulse ratio (PPR) plotted against interpulse interval, 
from 5 to 500 ms (each point is the mean 6 SEM for 20–64 trials).  A, left panel, inset: sample 
compound EPSP elicited at interpulse intervals of 7, 19, and 50 ms, respectively.   B: comparison 
of variability for regular and Poisson stimuli.  B, left panel: field EPSP initial slope plotted against 
stimulus number. The first 64 points show the response to slow constant frequency stimulation 
(0.1 Hz) of duration 640 sec.  (Upper left inset: first 40 sec sample of this constant freq stim.) At 
the point indicated by the arrow, stimulation was switched to a natural stimulus pattern (derived 
from interspike intervals measured in a rat hippocampus in vivo) for the remaining 128 points 
shown (duration 4.1 min).  (Upper right inset: first 40 sec of the natural stim pattern.)  B, right 
panel: response of the model to similar stimulation patterns. The natural pattern was replaced by 
a Poisson train of the same statistics as the natural pattern stimulus (6.25 Hz mean frequency).  
C: reliability of the history dependence of synaptic dynamics.  C, left panel: mean field EPSP 
slope and standard deviations of the response for four repetitions of the same natural stimulus 
pattern recorded in vitro. Note that these are SDs, not standard errors of the measurement (SEM), 
as are often shown.  (Inset: representative EPSP.)  C, right panel: output of the model when 
stimulated by Poisson trains of similar statistics as the experimental data (6.25 Hz mean 
frequency). 
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Figure 2-2.  Comparison of synaptic dynamics between simulations and a 
phenomenological model.   
The synapses of the computational model were implemented using either a phenomenological 
model (continuous lines) or the dynamic synapse model (dashed lines).  Sample dendritic 
membrane voltage traces were obtained for presynaptic stimulus trains that were set at either 20 
Hz (top) or 50 Hz (bottom).  The phenomenological model was based on (Varela et al. 1997) and 
the dynamical model (see methods) was based on (Maas and Zador 1999). 
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Figure 2-3.  Reliability is a non-linear function of correlation.  
A: rastergrams of presynaptic spike times for the 400 LGN synapses (top) and rastergrams of 
resultant action potential spike times (bottom) over 30 trials.  Percentage correlation was defined 
as the percentage of synapses that received the 3 inserted presynaptic ‘signal’ spikes (with some 
jitter).  ‘Noise’ spikes were inserted randomly throughout (2Hz signal, 2Hz noise, 3ms jitter).  Thus, 
20% correlation meant 80 synapses had inserted signal and noise spikes (left column), and 80% 
correlation meant 320 synapses had inserted signal and noise spikes (right column).  B: mean 
spike time reliability (STR) curve for correlations from 0 to 400 synapses in increments of 40 
synapses (10 percent).  Error bars indicate standard deviation from 6 reliability measurements at 
each point.  For comparison purposes, a straight line was drawn from the first to last point to 
indicate the curve that would be obtained if reliability and correlation were linearly related.  The 
reliability was measured using σ = 3 ms, N = 30 trials (see methods). 
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Figure 2-4. LGN bursts improved stellate cell reliability at low (< 10 Hz) LGN ‘noise’ firing 
rates.   
A and B: the same pattern of three signal spikes were used but replaced with bursts and 
conducted at 40 % correlation.  A: number of spikes per burst was varied from 1 (non-burst) to 5 
and plotted against reliability while the intra burst ISI was fixed at 3 ms (2 Hz signal/2 Hz noise).  
SEM was calculated across 30 trials. There was no significant improvement of reliability after 3 
spikes per bursts.  B: intraburst ISIs (3 spikes per burst) were varied from 1.5 ms to 4.5 ms.  SEM 
was calculated across 30 trials.  The intraburst ISI did not significantly influence reliability.  
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Figure 2-5. Robustness of spike time reliability (STR) under various signal/noise 
conditions. 
In all plots, the STR curve from Figure 2-3B was included as a baseline for comparison (dashed 
line).  A:  Same conditions as Figure 2-3 but the LGN signal spikes were added with jitters of 0 
ms, 3 ms, 6 ms, 12 ms, 24 ms, and 48 ms respectively.  The reliability curve for 0 ms (not shown) 
and 3 ms were almost identical.  B: signal frequencies were varied from 0–12 Hz (noise = 2 Hz).  
0 Hz resulted in a flat line along the X-axis.  C: noise frequencies (randomly inserted noise spikes) 
were varied from 0-12 Hz (signal = 2 Hz).  D: Two cases on either extreme of the signal/noise 
ratio spectrum were explored with or without short term synaptic dynamics (STD) of facilitation 
and depression.   
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Figure 2-6. Linear reliability and firing rate responses results from linear variation of non-
synchronous LGN synaptic Gmax conductance. 
Gmax conductance of the 400 LGN input synapses in the range of 0 to 3 picoSiemens. All trials 
conducted without synchronous input signals inserted. (A) Spike time reliability (STR) plotted as a 
function of increasing LGN conductance. n=32; Fitted line: m=0.0646, yo=0.0806, R2=0.8976. (B) 
Firing rate as a result of increasing conductance. m= 3.8724, yo=0.1124, R2=0.9837. 
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Figure 2-7. Study of the efficacy of  bursting in various noise environments. 
(Bursts were 3 spikes each spaced with 3 ms ISI.)  A: bursting (solid lines) and non-bursting 
(dotted or dashed lines) solutions were tried in various noise conditions of 2Hz noise, 5Hz noise,  
and 20Hz noise.  B: with bursting inputs, short term depression (STD) was either turned on (solid 
lines) or off (dotted lines) in various noise conditions (5 Hz and 12 Hz noise source is shown).    
High SNR used 12 Hz signal/ 2Hz noise.  Low SNR used 2 Hz signal/ 12Hz noise. Medium SNR 
was the baseline condition: 2Hz signal, 2Hz noise. 
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Figure 2-8. Spatial grouping of correlated LGN synapses on dendritic branches has limited 
effect on reliability. 
Whether on restricted dendritic branches, or in concentric rings around the soma, mixed effects 
on reliability are seen.  A: Correlation in presynaptic spike trains was applied to synapses 
according to their radial distance from the soma, where Out->In grouping means correlation was 
first applied from the most distal synapses to the most proximal, and conversely In->Out grouping 
from most proximal to distal. (Rings at radii of ~50 um and 100 um are shown for reference.)  B: 
Correlated input spikes were again added to synapses in a distal first or proximal first fashion.  
But in addition, a specific branch was filled first (such as the highlighted black branch), before the 
correlation was spread to another branch (such as the grey highlighted branch) as the percent of 
correlated synapses was increased.  A and B: The baseline (random synapse selection) case of 
Figure 3B is included for comparison.  In->Out radial grouping shows an improvement in reliability 
at low (below 30%) correlation, but otherwise spatial grouping was somewhat detrimental to 
reliability. 
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Figure 2-9. Supralinearity of output reliability results from varying synchrony magnitude. 
This is seen despite altering parameters classified as either (a) intrinsic properties or (b) synaptic 
input properties.  (a) Variation of intrinsic properties only minorly alters reliability curve. 
Eliminating stochasticity and STP (short term plasticity - faciliation and depression), will cause 
higher reliability (upper curve) than baseline curve (dotted lines - 3 spks/s event rate, 2 spks/s 
noise).  Incorporating active dendrites or removing STP results in slightly lower reliability than 
baseline.  (b) Variation of input signal characteristics results in minor alterations to reliability.  
Inserting ~30 spks/s natural inputs (see figure 3) results in slightly higher reliability curves 
compared to baseline (dotted lines - 3 spks/s event rate, 2 spks/s noise).  Also, inserting bursting 
(3 spikes per burst, 3ms ISI) at each 'event' spike of the LGN input improves reliability as 
compared to the baseline curve.
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Chapter 3:  Robust Spike Time Reliability of Cortical V1 
Cells Subject to Various Input Conditions 

 

 

3.1. Abstract 

 

Thalamic and cortical V1 layer 4 neurons are capable of firing highly reliably and 

precisely upon repeated presentations of the same visual stimulus to the retina.  To 

compare candidate causal mechanisms of spike-time reliability, a reconstructed 

multicompartment spiny stellate cell model with dynamic probabilistic synapses was 

given varying synaptic inputs, ranging from constructed poisson distributed spiking at 

various frequencies, to experimentally derived in vivo spiketimes of animals subjected to 

whole-field flash and drifting grating visual stimuli.  We found reliability was primarily 

influenced by the number of synapses that fired synchronously during events (synchrony 

magnitude), which exhibits a nonlinear relation; rather than by the rate of synchronous 

firing events (event rate) or synaptic strength, which exhibits comparatively more linear 

relations, even in the absence of voltage dependent conductances.  Nonlinear reliability 

highlights the efficacy of synchronous but weak synapses in driving output spiking, and 

may have implications for neural synchronicity within and between cortical areas.
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3.2. Introduction 

 

Sensory information enters layer 4 of the cortex through thalamic neurons.  Yet, 

those thalamocortical connections represent only approximately 5% of the total afferent 

synapses on cortical spiny stellate neurons (White, 1989, Peters and Payne, 1993, 

Ahmed et al., 1994), which raises the question of how these inputs could be so effective 

at driving the cortex in the face of a much greater input from other cortical neurons.  

However, experimental studies in cats in vivo have established that repeated 

presentations of the same time-varying visual input results in reliable and precise firing in 

the retina, LGN, and V1 striate cortex (Kara et al., 2000).  The firing pattern in LGN was 

similar and reliable not only within the same cell across trials but also across cells of the 

same class in different animals when stimulated with the same visual input (Reinagel 

and Reid, 2002).   

Recent studies of somatosensory cortical neurons in the rat suggest 

synchronous release of multiple weak synapses from the thalamus as a major 

contributing mechanism of reliable firing in these neurons (Bruno and Sakmann, 2006, 

Wang et al., 2010).  This synchrony is partly a result of the precise connectivity of the 

feedforward visual pathway (Alonso et al., 1996, Usrey et al., 1998, Yeh et al., 2003).  

Synchrony among synapses in the LGN and V1 cortical neurons increases the 

magnitude of EPSPs and hence increases the reliability of the evoked postsynaptic 

response.  Spikes from geniculate neurons that share input from a common retinal 

afferent (Usrey et al., 1998), have overlapping receptive fields and are of similar type 

(ON-center or OFF-center) (Alonso et al., 1996, Yeh et al., 2003) exhibit increased 

correlation (averaging around 10%)  and tight synchrony (often less than 1 ms).  The 

synchrony of spikes from these groups of LGN neurons carry over to V1 cortical neurons 

in layer 4. Simultaneous spikes (< 1 ms apart) from two different LGN cells increased the 

probability of firing of a driven cortical neuron by 69% compared to non-synchronous 

spikes (Alonso et al., 1996) in cases where the LGN cells had strongly overlapped 

receptive fields of the same sign and shared a common retinal afferent (determined by 

their spike correlation).   
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There are other factors besides synchrony of LGN input neurons at play in the 

repeatability of spike trains in V1 cortical neurons. One factor is the effect of other 

presynaptic cortical neurons that make up the majority of the dendritic inputs to layer 4 

cortical neurons in V1.  This source of intracortical excitation affects the sensitivity of 

cortical cells to thalamic input (Alonso et al., 1996, Stratford et al., 1996) and, provide a 

feedback mechanism that may be important in modulating their receptive fields (Ferster 

and Miller, 2000).  Also, this type of organization of “drivers” (the feedforward 

thalamocortical path) and “modulators” (intracortical connections) may help clarify the 

role of V1 simple cells in visual processing (Sherman and Guillery, 1998).  The different 

sources of V1 reliability are, however, still poorly understood. 

In this modeling study we investigated the reliability of V1 cortical neurons when 

presented with synchronous inputs.  A multi-compartment model of a reconstructed V1 

spiny stellate neuron from the cat (Mainen and Sejnowski, 1996) was used with 5800 

separate synaptic inputs (both inhibitory and excitatory) from LGN and the cortex. This 

model permitted us to study the effects of detailed dendritic structure on reliability, such 

as multiple synapses from the same LGN afferent and synchronous inputs from multiple 

LGN neurons, which are currently impossible to separate experimentally. We also 

studied the impact on reliability of synaptic plasticity with their powerful effects on 

postsynaptic integration, of synaptic stochasticity (probability of release) and of active 

dendritic currents.  The synchronous input “driver” spike trains from LGN included the 

effects of jitter, noisy spikes, and bursting.  LGN input patterns arising from whole field 

flash (Reinagel and Reid, 2000) perception were used in some experiments as well as 

the LGN spiketimes derived from experiments using drifting gratings (Kara et al., 2000).  

Input synchrony was measured as the number of excitatory LGN synapses receiving the 

signal spike sequence.  The remaining LGN synapses (300 total in our model) received 

random noise-like spike trains.   

One of the difficulties in quantifying synchronous firing is that synchrony is a 

measure of precise correlation across many neurons and can be high-order, compared 

with the correlation strength, which is a pairwise measure of the percentage of spikes 

that are synchronous in two spike trains over some time interval.  The difference 
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between these two measures is crucial to understanding the reliability of spike timing in 

these neurons.  

In addition, synchronous firing of neurons in visual cortex area V4 is modulated 

by attention, which depends on top down inputs to the area as well as bottom up 

sensory signals (Fries et al., 2001).  Thus, the results for the inputs to spiny stellate cells 

in layer 4 of area V1 may have more general applicability to other cortical areas (Bruno 

and Sakmann, 2006) and other types of neurons. 

 

3.3. Materials and Methods 

 

3.3.1. Morphological model 

All simulations were conducted on a Hodgkin-Huxley multi-compartment neuron 

model using the NEURON simulation environment (Hines and Carnevale, 1997).  We 

used a digitally reconstructed spiny stellate cell of the cat V1 region, layer 4 (Mainen and 

Sejnowski, 1996), consisting of  744 compartments (Figure 3-1A), subdivided into 6 

dendritic branches. The soma area was 779 m2, the total dendritic area was 22,491 

m2 and the perisomatic area (where GABAergic synapses were located, see below) 

was 2032 m2. We added an axonal segment of length 250 m and total area of 95 m2. 

 

3.3.2. Global modeling parameters 

For all NEURON simulations, several standard parameters were used.  The time 

step for each run was set at dt = 0.1 ms, and the total duration was 1500 ms. The first 

500 ms of each simulation was considered to be numerical transients, and these were 

discarded from all analyses. All currents were temperature dependent (Q10 = 3 by 

default), and the temperature was set at 36oC. The initial membrane voltage was -60 mV 

and the global axial resistance was set at 100 Ohm-cm.  The potassium reversal 

potential EK = -80 mV and sodium reversal potential ENa= 50 mV were kept constant. The 
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membrane capacitance was set to 1.7 F/cm2 to account for the presence of 

spines(Stuart and Spruston, 1998). 

 

3.3.3. Quantitative assumptions 

It has been found experimentally that of the approximately 5,000-10,000 

synapses on these cells, about 5% are excitatory thalamic afferents (Ahmed et al., 1994, 

Stratford et al., 1996).  Approximately 80% of the synapses on a spiny stellate cell are 

excitatory, and 20% are inhibitory (Anderson et al., 1994a).  In the model, we simulated 

300 LGN excitatory synapses, 4,500 intracortical (from L4 and L6) excitatory 

glutamatergic synapses, and 1,000 inhibitory GABAergic synapses. Unless otherwise 

noted, all excitatory synapses were uniformly and randomly distributed throughout the 

dendritic tree and soma, while the inhibitory inputs resided perisomatically on dendrites 

within 200 microns of the soma.   The background presynaptic firing rate of the LGN and 

intracortical excitatory synapses was set at 1-2 spike/s while the presynaptic intracortical 

inhibitory cells fired at 5 spikes/s (Destexhe and Pare, 1999).  All background spikes 

were Poisson distributed.   

For all of the experiments, we only altered the presynaptic spike trains of the 300 

LGN synapses.  The 5,500 other excitatory and inhibitory synapses were set at 

continuous Poisson distributed firing mode and were considered background noise. 

 

3.3.4. Synapses 

All synapses were implemented explicitly as point processes with a continuously 

integrated kinetic scheme that described an alpha function, allowing for summation 

(Srinivasan and Chiel, 1993).  For the 300 LGN AMPA synapses (time constant 3 ms, 

reversal potential 0 mV, Gmax = 0.65 nS), presynaptic spike trains arrived at a Poisson 

distributed rate consistent with the particular simulation. A subset of these synapses also 

carried the signal presynaptic spikes which were in a pattern set by the particular 

simulation.   
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Background noise simulated with the additional 4500 AMPA input synapses each 

received a presynaptic Poisson train at 1-2 spikes/s (Gmax = 0.64 nS, adjusted so as to 

yield an approximate 3 spikes/s background firing of the reconstructed cell).  One 

thousand GABAergic background noise synapses (time constant 10 ms, reversal 

potential -80 mV, Gmax =0.05 nS) were added with synaptic release times Poisson 

distributed at 5 spikes/s mean rate. All GABAergic synapses were deterministic (i.e. no 

stochastic release) and uniformly distributed within 200 m of the soma. 

 

3.3.5. Dynamic stochastic synapse 

One important property of excitatory synapses is that they exhibit short-term 

facilitation and depression, which increase and decrease, respectively, the probability of 

release according to the history of preceding spikes over the last several hundred ms 

(Dobrunz and Stevens, 1997).  In computational modeling, these dynamics are 

traditionally incorporated phenomenologically (Varela et al., 1997, Tsodyks et al., 2000) 

so as to vary the level of facilitation and depression based on the measured average 

responses of a large group of synapses.  However, these models do not capture the 

stochasticity of individual synapses that only release vesicles on the order of 20% of the 

time on average(Allen and Stevens, 1994).  This stochasticity of individual synapses is 

an important source of unreliability, which we include in the model.  

The dynamic stochastic synapse we used was based on previous experiments 

and theoretical formulation using minimal stimulation (Stevens and Wang, 1995, Maass 

and Zador, 1999).  The probability of release is characterized by the equation 

Pr(t) = 1 – e-F(t)D(t)                               (1) 

where F and D are tuned time-dependent constants for facilitation and 

depression, respectively, and 
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describes an exponentially decaying accumulation of calcium with each 

presynaptic spike at time ti (F0,  and  are constants), and 
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where S is the dynamically updated set of spike times that yielded release (D0, , 

’ are constants).  For all simulations, we used F0= 0.003, D0= 60 (yielding an initial 

probability of release of 0.2), the magnitude of depression was set to = 0.02, and the 

magnitude of facilitation was set to = 50. The time constants = 94 ms and ’ = 380  

ms were set after(Varela et al., 1997). 

At each excitatory synapse, when a presynaptic spike is received at time t, a 

random number from a uniform distribution is drawn and the probability of release, Pr(t), 

is calculated based on the current spike history S.  If the random number is larger than 

Pr(t), a postsynaptic potential is generated, and S is updated.  Note that it is not 

necessary to update Pr(t) for each synapse at every simulation time increment – only 

when a presynaptic spike occurs at that synapse. 

The dynamic synapse model was used for all excitatory synapses, both from 

LGN and from intracortical presynaptic neurons.  For inhibitory synapses, a fixed 

(Poisson) release rate was used at a mean rate of 5 spikes/s. 

 

3.3.6. Currents 

Because the precise distribution of dendritic ion channels is still largely unknown 

for these cells(White, 1989, Poirazi et al., 2003a), we focused our study on a passive 

dendritic tree. The distribution of leak channels reflected, however, the fact that 

dendrites were more ‘leaky’ than the soma(Stuart and Spruston, 1998) and as a 

consequence we distributed these channels in a graded manner according to: 
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where dhalf is the distance at which the function is halfway between Rsoma and Rend, 

and s determines the steepness of the decay from Rsoma to Rend with distance d from the 

soma to all dendritic compartments (Stuart and Spruston, 1998). We used s = 50 m, 

Rsoma = 33,333 cm2 and Rend = 10,000 cm2. 

As a control, for some simulations we also added active dendritic currents based 

on the same spiny stellate cell model(Mainen and Sejnowski, 1996). 

The somatic compartment contained delayed rectifier potassium (reversal 

potential, EKdr = –80 mV) and fast sodium (reversal potential, ENa = 50 mV) currents 

responsible for spike generation.  We also added a somatic M current to allow for spike 

frequency adaptation, and a generic slow calcium-activated potassium current to prevent 

excessive bursting.   

The somatic compartment contained a generic M-current based on(Gutfreund et 

al., 1995). The calcium current was based on (Reuveni et al., 1993) and the generic 

calcium pump was based on (Destexhe et al., 1993).  The calcium-dependent potassium 

current was based on (Destexhe et al., 1994) and both the fast sodium current and 

delayed rectifier currents were based on (Traub et al., 1994). 

 

3.3.7. Active dendrites 

For some simulations, active dendrites were inserted into the spiny stellate cell 

model according to the method used  by the original authors(Mainen and Sejnowski, 

1996).  Three voltage dependent currents and one Ca2+- dependent current were added 

to the passive dendrites using the same Hodgkin – Huxley style kinetics (reversal 

potentials, activation variables, reaction rate functions) (Mainen and Sejnowski, 1996).  

These included fast Na+ channels,   slow non-inactivating K+ channels ( responsible for 

after hyperpolarization),  and high-threshold Ca2+ channels, which were uniformly 

distributed throughout the dendritic arbor using the same densities as utilized by their 

model. Although there is a wide variety of dendritic currents in neocortical dendrites, this 

model supports a number of cortical firing patterns(Mainen and Sejnowski, 1996). 
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3.3.8. Calculation of reliability 

Reliability was computed using a synchrony-based measure(Schreiber et al., 

2003b) applied to the spike train output of the model neuron.  It has the advantage that it 

provides the average probability of an output spike occurring at a particular time 

independently of the input stimulus.  The spike trains obtained from N repeated 

presentations of the same stimulus were each convolved with a Gaussian filter of width 

2σ  (σ is the standard deviation of the Gaussian kernel in ms ) with is


 denoting the ith 

smoothed train. After convolving all N trials, the inner product is taken between all pairs 

of trials (each trial normalized by its norm), the inner products are summed, and the sum 

is divided by the number of pairs to yield a reliability measure on the interval (0,1). 

Formally, the reliability R is defined as 
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We used σ = 3 ms, N = 30 trials based on the observation that reliable events in the 

experimental data for V1 cells occur with a jitter of approximately 3 ms(Reinagel et al., 

1999).  The choice of 30 trials was found to provide consistently good estimates of R 

without running excessively many trials (data not shown). 

Our reliability metric had a bias for higher firing rates because an increase in 

overall spike density inevitably caused more overlap with input spikes and thus 

increased the measured spike timing reliability (STR) level. This effect was quantified in 

a control test measuring STR with purely random (Poisson) input spike trains on the 

LGN synapses at differing (0 – 20 spikes per second) arrival rates (results not shown).  

In Figure 3-7, to facilitate comparison of control factors, we compensated by subtracting 

the reliability at zero synchrony magnitude from each simulated data point thus forcing 

the STR curves to go through the origin.  
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3.4. Results  

 

3.4.1. Variation of synaptic drive 

A proposed explanation for reliable thalamocortical drive is that thalamic 

afferents elicit larger, more “powerful” excitatory postysynaptic potentials (EPSPs) in the 

V1 cell compared to other synapses, such as intracortical inputs (Stratford et al., 1996, 

Gil et al., 1999).  To model this effect, we varied the maximum conductance density 

(Gmax) of the LGN inputs from 0.2 to 3.0 nanoSiemens (nS), while holding the Gmax of the 

intracortical inputs at 0.65 nS.  The input spike trains to each LGN synapse were random 

(2 spikes per second) and completely unsynchronized (but identical from trial to trial).  

The results of this variation reveal that the reliability of the cell linearly increases at a 

slope of 6 % STR/nS  (Figure 3-1B).  As such, the cell does not come close to achieving 

the high levels of reliability seen experimentally with repeated trials(Kara et al., 2000).  

The firing rate also increases linearly at 3.87 spikes/s/nS (Figure 3-1C).  For the 

remainder of the simulations, a Gmax value of 0.65 nS was used for the LGN synapses to 

set the background firing rate of the cell at about 2-3 spikes/s. 

 

3.4.2. Effects of synchrony magnitude on reliability  

To study the effects of synchronous synaptic inputs on the reliability of repeated 

presentations of the same stimulus, some thalamocortical synapses received additional 

event spikes that were synchronous from synapse to synapse representing the ‘signal 

event’ that would be carried from the LGN when a stimulus was presented in the 

receptive field of the neuron.  The actual number of synapses making up an event was 

called the ‘synchrony magnitude’, and the rate at which these events occurred was 

called the ‘event rate’. 

Event rate and synchrony magnitude were varied between 3-30 spikes /s and 0-

300 synapses respectively, within parameter ranges described by physiological 

experiments (Ahmed et al., 1994, Gil et al., 1999, Reinagel and Reid, 2002).   The 

synchronous presynaptic event spikes at the given synapses all occurred at the same 
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mean times but had a random jitter added to each spike independently at each synapse. 

Unless noted otherwise, the jitter (Gaussian standard deviation) was set to 3 ms, in 

accordance with experimental measurements of LGN spike trains(Gray, 1994, Reid and 

Alonso, 1995, Reinagel and Reid, 2000), which have found spike precision values 

ranging from 1-3ms.  Some of the synchronous spikes were deleted, with a probability of 

a missing event spike set at 10%, and additional random spikes were added to all of the 

LGN synapses to represent “noise” in the LGN afferents. 

We analyzed the effects of synchrony magnitude in detail using a naturalistic 

input spike train as events. The 10 second input spike train, averaging 27.5 spikes/sec, 

was derived from an LGN cell recording in an anesthetized cat exposed to rapidly 

changing natural scenes (cell 6 in (Reinagel and Reid, 2002)). Figure 3-2A, top panels, 

illustrates the resulting input spike trains applied to each of the 400 LGN synapses for 

the two cases of 80 and 280 synchronous synapses. . (Only 3 spikes per second are 

shown in Figure 3-3 for clarity.)  We then computed a single spike time reliability (STR) 

value using the stellate cell output spike trains  across 30 trials (Figure 3-2A, bottom 

panels).  We systematically varied the amount of synchrony magnitude and the resulting 

STR curve (Figure 3-2B) had three distinct regions:  a low reliability region up to about 

20 synchronous synapses, a high slope region in the synchrony range 20-200 synapses, 

and a saturation range above 200 synchronous synapses.  A sigmoid logistic function 

was fit, indicating that the STR curve is a non-linear function of synchrony magnitude. 

The maximum slope (0.0047 STR units per synapse) occurred at the 73 synapse 

inflection point (equivalent to a 10% increase in reliability for each 20 additional 

synchronous synapses.).  We also compared the firing rate that was generated (Figure 

3-2C) and found that, in contrast, the firing rate increased in a linear fashion with 

synchrony (R2 = 0.98).  (Note, however, that the additional output spikes at higher input 

rates were not equally distributed, but were primarily bursts induced by events with 

higher synchrony magnitude.)  The non-linear STR indicates that there is some 

synergistic effect occurring by which spikes at medium synchrony levels are aligning to 

create higher degrees of reliability. 
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3.4.3. Effect of pairwise synaptic correlation strength on output reliability and 
firing rate 

The large and non-linear variation of reliability with synchrony magnitude implies 

that the classical pairwise correlation function between neurons in the visual pathway 

has a strong influence on synchrony and reliability in the V1 cortex(Reid and Alonso, 

1995, Alonso et al., 1996, Usrey et al., 1998).  These pioneering studies showed that 

correlated firing in the retinogeniculate connections (between LGN neurons with 

overlapping receptive fields) is the basis for synchrony in the thalamocortical pathway. 

We calculated the strength of pairwise cross correlation between the spike trains of LGN 

input synapses using the same definition (Reid and Alonso, 1995, Dan et al., 1998) – 

number of spikes in the central peak of the correlation function, minus the baseline, 

divided by the average number of spikes in the two trains being correlated. 

Figure 3-3 illustrates the effects of varying the pairwise correlation between 

presynaptic spike trains from LGN when each spike train had an average rate of 30 

spikes per second.  As the event rate (i.e. the rate of spikes that were synchronous) was 

varied from 0 to 30 spikes/s, the correlation strength varied from 0 to 0.9.  (It did not 

reach 1.0 due to the 10% probability of missing spikes.)   Two cases are shown, for 

synchrony magnitudes of 90 and 240 synapses, with the non-synchronous LGN 

synapses receiving the usual random background of 2 spikes/s. 

Figure 3-3A insets show the correlograms for typical synapse pairs for four 

selected data points and illustrates the relative independence of synchrony magnitude 

and correlation strength in predicting reliability and firing rate. Also, synaptic inputs with 

roughly the same correlation strength (from two synchronized synapses) can result in 

vastly different reliability and firing rate outcomes because correlation strength does not 

directly average synchrony across synapses, but depends more on which two synaptic 

inputs are chosen to be measured.  

It is immediately apparent that the model neuron produced significant reliability 

(Figure 3-3B) and firing rate (Figure 3-3C) at zero correlation strength. This is due to a 

combination of the large amount of energy being injected into the dendrites at an input of 

30 spikes/s compared to the other synapses, and the effect of dynamic synapses under 
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the “frozen noise” paradigm where the input spike train for each synapse is identical 

from trial to trial. 

Increasing strength of correlation has a relatively minor influence on output 

reliability and firing rate under these conditions (see slope m values in caption for Figure 

3-3).  Reliability linearly increased with increasing correlation strength over a small 

dynamic range (0.05 - 0.25 of STR); firing rate also increased linearly, with dynamic 

ranges of ~2-10 spikes/s depending on the synchrony magnitude.  For example in the 90 

synapse case, increasing the event rate from 10 to 25 spikes/s more than doubles the 

correlation strength but increases the reliability by only about 1.2. 

 

3.4.4. Effects of covarying synchrony magnitude and event rate 

Figure 3-4 shows a one second period (the first 500 ms were discarded to 

exclude any numerical artifact due to the start of the simulation) obtained from 10 

second long simulations for four combinations of event rate and synchrony magnitude. 

Note that these are the same data points as used in Figure 3, and have the same input 

and output rastergrams. The input rastergrams show every input spike to each of the 

300 LGN synapses for 90 synapses and 240 synapses receiving the jittered event spike 

pattern at two event rates (9 and 24 spikes/s). The jittered synchronous input spike 

pattern is clearly seen in all four cases along with the independently added noise spikes 

(2 spikes/s Poisson arrival rate) in all 300 input trains.  Note that the actual number of 

event spikes embedded in the input stream is conserved between the cases of (event 

rate = 9 spikes/s, synchrony magnitude = 240) and (event rate = 240 spikes/s, 

synchrony magnitude = 90).  This means that the average amount of energy injected 

into the cell via synaptic excitation over a one second interval is roughly equal in the two 

cases.  

The bottom panels in Figure 3-4 are rastergrams of the resulting action potential 

spike times from the spiny stellate cell for 30 trials where the input spike trains were 

identical from trial to trial (i.e. both signal and noise spikes) at each synapse. This 

“frozen noise” input simulates the intrinsic response of the stellate cell to the repetition of 
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an identical stimulus as in (Mainen and Sejnowski, 1995) but here the effects of 

individual synapse short-term plasticity were included.  Such a set of trials was then 

used to determine the reliability of the stellate cell using the spike-time reliability (STR) 

calculation given in Methods, as well as its average firing rate (indicated below in the 

rastergrams).  The ‘signal event’ spikes are seen as streaks in the output rastergrams 

indicating reliable events.   

Note that an STR of 0.7 was measured in the 9 spikes/s, 90 synapse case with 

some 8100 input spikes (9 spikes/s x  10 s  x  90 synapses).  If the number of input 

spikes is increased by 8/3 to 2160 (24 spikes/s and 90 synapse case), the reliability 

decreases to 0.59, due to less reliable events in the output rastergram.  However, if the 

same number of input event spikes (2160) are added through additional synchronous 

synapses (9 spikes/s, 240 synapse case) the reliability increases to 0.93 with many of 

the output events showing bursting (note doubling of the output spike rate from 10.2 

spikes/s to 22.1 spikes/s). A similar reliability boost with synchrony magnitude is seen for 

the two 24 spike/s cases (reliability increasing from 0.59 to 0.82).  

The firing rate and reliability curves can be plotted by varying a single parameter 

across its range (Figure 3-5 C & D). Covariation of input event rates and input synchrony 

parameters produces surfaces for both outputs (Figure 3-5 A &B).  “Slices” of these plots, 

where a single parameter is varied yields greater detail about the relationship are shown 

in Figure 3-5 C & D.  Both the surfaces and the curve ‘slices’ show that synchrony 

magnitude changes in a nonlinear manner, while the underlying firing rate increases 

linearly.  However, the reliability when only changing event rate is restricted to a much 

smaller dynamic range and a lower firing rate.  This is reflected in the vertical striping 

seen in Figure 3-5A.   

Another observation is that the spike rate efficiency (reliability divided by firing 

rate) is highest in the range of 90-120 synapses and at lower event rates.  This implies 

that there is an optimum range of synchrony magnitude and event rate that produces 

good reliability with minimum energy expenditure, as measured by firing rate. 
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3.4.5. The modulatory role of other factors:  Noise, bursting, and intrinsic 
neuronal factors  

The synchrony magnitude was found to have the strongest effect on the reliability 

and firing rate compared with varying the maximal conductance or ‘strengths’ of 

synapses and the event rate.  The output reliability was a nonlinear function of the 

synchrony magnitude, which produced the highest dynamic range, while the firing rate 

was linearly related (Figure 3-2).  We also explored the influence of other factors on the 

relationship between synchrony magnitude and reliability:  (1) In what noise 

environments does this sigmoidal relationship hold?  (2) How does bursting affect the 

relationship?  (3) Would the curve still hold if intrinsic factors, such as active channels 

and short term plasticity were altered?  Ultimately, we found that the reliability curve is a 

repeatable phenomenon that exists despite altering any number of parameters.  The 

curve may have some sensitivity to high degrees of noise, and bursting could in most 

cases somewhat improve reliability, but altering intrinsic membrane properties did not 

change the reliability curve significantly. 

In order to have a reference point to compare across experiments, a single 

‘baseline’ curve was created that corresponded with the lower regime of observed 

physiological activities (see, for example, cells 1 and 2 in Reinagel and Reid(Reinagel 

and Reid, 2002)).  This ‘lower’ boundary condition of 3 spikes/s event rate and 2 spike/s 

added (noise) spikes was chosen as the basis of comparison because it minimizes the 

STR bias effect at high input spike rate while still isolating the effects of individual control 

factors being studied on reliability and firing rate.  As before, the baseline case also has 

1 spikes/s excitatory and 5 spikes/s inhibitory background firing for all intra cortical 

synapses, and each trial was repeated 30 times to arrive at a single measure of STR.  

 

3.4.6. Robustness of reliability with varying temporal jitter 

We next explored the effect of presynaptic spike-time jitter on the reliability by 

varying the nominal 3 ms jitter (which is the baseline curve) over the range of 0 to 48 ms.  

From 0 to 6 ms jitter, the cell retained a high degree of reliability response, rising sharply 

within the 40 -120 synchronous synapses range with a maximum slope close to that of 
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Figure 3-2.  Jitter levels less than 3 ms, including the zero jitter case, produced STR 

curves the same as the 3 ms baseline case.  Higher amounts of jitter generally reduced 

reliability at all levels of synchrony and particularly decreased the slope in the 40-200 

synapses range.  This effect is consistent with a reduction in postsynaptic current 

summation due to a loss of input synchrony.  As a control, we relaxed the “frozen noise” 

paradigm used in earlier simulations (see above) by randomizing all noise spikes and 

event spike jitter in the LGN synapses from trial to trial. Repeating the reliability 

experiment for the same conditions as in  

Figure 3-6, we found no substantial change to the STR curve (results not shown). 

In the remaining simulations, the jitter was held constant at 3 ms and the “frozen noise” 

paradigm was used. 

 

3.4.7. Robustness of reliability in various added signal and noise environments 

We conducted test where the (signal) input event rate of thalamocortical inputs 

was varied and found that there was no significant different in the reliability curve when 

the signal rate went above the baseline of 2 spks/s. 

As another test of the effects of noise in the LGN input spike trains, the number 

of background random noise spikes in the 300 LGN inputs was varied from 0 spikes/s to 

12 spikes/s while holding the event rate at 3 spikes/s.  It was found that in the range of 

0-2 spikes/s, the overall sigmoidal reliability curve remained, but at noise ranges of 6 

spikes/s and above the sigmoid began to significantly flatten out and the reliability 

performance dropped in all three STR regimes (low reliability, high slope and saturation). 

Note that the five noise spike cases shown correspond to varying the correlation 

strength (for pairs of synchronous synapses) approximately from 0.9 down to 0.2 

demonstrating that reliability co-varies with correlation strength and synchrony 

magnitude.  At lower synchrony magnitudes (e.g. 60 synapses), even 0 noise spikes 

(~0.9 correlation strength) does not achieve high reliability (maximum of 0.5 STR) while 

at high synchrony magnitudes reliability is limited when correlation strength is below 0.5 

(more than 2 noise spikes/s).  Indeed, at  levels of correlation strength considered 
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significant in LGN measurements (Peters and Payne, 1993), such as 0.2 (12 noise 

spikes case), reliability is near zero for 60 synaptic inputs and only 0.2  for 240 synaptic 

inputs. Only when both synchrony magnitude and correlation strength are increased can 

reliability achieve higher values (such at 0.6 or more) in this test at a 3 spikes/s event 

rate.  A similar effect is apparent in the 3 dimensional plots of Figure 3-5 where 

maximum reliability co-varies with both synchrony magnitude and event rate (related to 

correlation strength). 

 

3.4.8. Effect of bursting on reliability 

In addition to a tonic, regular spiking mode, the LGN has a bursting mode in 

which several action potentials are fired in rapid succession (Reinagel et al., 1999, Alitto 

et al., 2005) so we studied the effects of LGN bursts on the firing reliability in greater 

detail.  Studies in vivo showed a large variability in burst parameters when the visual 

stimuli were natural scenes or full field flickers, raising the issue of whether some burst 

types could be more effective than others in carrying visual information(Reinagel et al., 

1999, Denning and Reinagel, 2005). We varied burst parameters such as number of 

spikes per burst and interspike interval (ISI) within bursts and explored the effect on 

reliability in various noise regimes and in the presence or absence of short-term synaptic 

dynamics. 

First, we examined the number of spikes per burst.  In a cat, the number of 

spikes in a burst varies from 2 to 5 with an average of 3 spikes(Reinagel et al., 1999).  

We held the ISI fixed at 3 ms and varied the number of spikes per burst from 1 (non-

burst) to 5 and found that maximal reliability was reached with just two spikes per burst, 

and that more spikes per burst did not significantly increase reliability (Figure 3-7). In 

vivo,  burst ISIs vary between 1.5 and 4 ms in the LGN, and average around 3 ms 

(Reinagel et al., 1999).   We ran simulations with bursts that contained 3 spikes and ISIs 

that varied from 1.5 ms to 4.5 ms.   We did not find significant difference in reliability for 

the range of ISIs that we tested (data not shown). 
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Because bursting occurs in addition to background noise, we next performed a 

series of simulations aimed at studying the efficacy of bursting at various background 

noise levels.  The LGN synapses were given a presynaptic spike train with 3 spikes per 

burst and a 3 ms intra-burst ISI, in the presence of 2, 5 and 20 spikes/s noise (Figure 

3-7B) Bursting was found to be helpful in generating higher reliability in all noise 

environments, but the gain in reliability was much higher at low background noise levels 

(below 10 spikes/s). For the baseline case, it is seen that bursting in the LGN spike 

trains significantly increases reliability in all three STR regimes.  In particular, the 

inflection point of the sigmoid curve appears to shift to a significantly lower synchrony 

magnitude and the maximum slope increased in the middle regime, while the reliability in 

the saturation regime is also significantly higher. 

 

3.5. Discussion 

 

When fluctuating current is directly injected into the soma of cortical neurons in 

slices, the timing of spikes is highly precise and reliable when the current waveform is 

repeated exactly (Mainen and Sejnowski, 1995).  However, synaptic inputs on cortical 

neurons are often on dendrites that are distant from the soma and the release of 

neurotransmitter is probabilistic. The goal of this study was to assess the degree to 

which stochastic neurotransmitter release and changes in dendritic conductances 

affected the reliability of output spikes and to characterize the role of input spike 

synchrony in generating precise and reliable spike timing in cortical neurons. The spiny 

stellate cell was chosen as the focus of this study because it receives direct thalamic 

input as well as randomly occurring synaptic inputs from other cortical neurons, and 

synaptic release is stochastic and displays short-term plasticity including facilitation and 

depression.    

We found that reliability (a measure of repeatability) of the spiny stellate cell 

spike patterns increased nonlinearly in the range of 40-200 synchronous inputs, with a 

maximum rate of increase in the range 80-100 inputs, which overlaps the range of input 

correlations measured for cortical cells (Bruno and Sakmann, 2006).  This effect 
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persisted in the absence of active dendrite channels, with or without synaptic plasticity, 

and with both structured and natural input sequences at a variety of spike rates that had 

realistic jitter and noise added. In the middle of this range, the reliability doubled for a 10 

percent increase in the number of synchronous LGN synapses.  When the input spike 

trains contained bursts, as often found in LGN, there was also a strong increase in the 

reliability for small levels of correlation.  In contrast, both the reliability and the firing rate 

of the stellate cell increased linearly when only the strength of the synapses (determined 

by the synaptic conductance) was increased in the absence of input synchrony.  When 

the input synchrony was varied in time, as measured by the average number of 

synchronous events on LGN inputs (event rate), there was an intermediate degree of 

increase in reliability. This is equivalent to varying the correlation strength between pairs 

of LGN spike trains(Alonso et al., 1996).   

Nonlinear reliability implies that the number of input LGN cells firing 

synchronously has a more powerful effect on the reliability of spike transmission in 

cortical neurons than the pairwise correlation strength between LGN spike trains.  

Correlations only provide information about the second-order statistics of the input 

spikes trains, but synchrony depends on higher-order correlations.   This is consistent 

with the feedforward connectivity model for simple cell orientation selectivity(Hubel and 

Wiesel, 1962) and would provide a good explanation for the reliability and preservation 

of spike timing information observed in the primary visual  pathway (Reinagel and Reid, 

2002). 

As the synchrony magnitude is varied from a low level (< 40 synapses), where 

reliability is less than 20% and not competitive with other inputs to neurons firing at high 

rates, to a high level (>120 synapses), where the reliability saturates at over 80%, there 

is a transition region where reliability is sensitive to small changes in the synchrony 

magnitude.  Thus, even when most of the spikes in a population of neurons provide 

background firing consistent with rate coding, a relatively small fraction of the spikes 

could be coding important timing information that is critical for the rapid response of the 

cortex. 
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The causal mechanism for this nonlinearity may be related to the balance 

between inhibitory and excitatory inputs between cells in the cortex(Salinas and 

Sejnowski, 2001a). When opposing forces are balanced and the average membrane 

potential is near threshold, a small coherent perturbation can lead to a large nonlinear 

response.  Random fluctuations cause excursions above threshold that scale as N , 

where N is the total number of active synapses, but N synchronous inputs have an 

impact that scales as N. This allows a relatively small fraction of the inputs to have a 

disproportionately large influence on the target neurons: 100 synchronous inputs can be 

as effective as 10,000 asynchronous inputs in driving the neuron to fire a spike in a brief 

time interval. 

Furthermore, this nonlinear response seems to be fairly noise tolerate.  A spiny 

stellate cell can tolerate up to 6 ms jitter in single spike signals from the LGN before 

becoming unreliable to the degree that it no longer exhibits the sigmoidal reliability 

response characteristic.  Also, at low correlation strengths between LGN spike trains 

there was a tolerance to more than 60% noise spikes before rapid drop-off in reliability.  

From these measures we conclude that there is a robust degree of tolerance to noise in 

the input signal spike trains.  It is possible that even greater degrees of reliability might 

be obtained with  other measures of reliability, such as non-binned metrics (Victor and 

Purpura, 1996) and clustering(Fellous et al., 2004).  

These results also relate to a large body of work on the characteristics and 

purpose of synchrony.  Synchrony of cortical inputs is most likely to occur when there is 

an event of high importance in the sensory environment, such as the entrance of a 

moving object into a receptive field (Reinagel and Reid, 2000) or the deflection of a 

whisker in rodent (Bruno and Sakmann, 2006). Synchronous input spiking may be a way 

to insure that these highly important events are registered by the spiny stellate neurons 

in the cortex despite the disproportionately larger number of asynchronously arriving 

spikes from ongoing computation within the cortex. This prediction could be tested with 

intracellular recordings in vivo by using a dynamic clamp to inject somatic conductances 

derived from a model and comparing the reliability levels with those obtained from the 

model. The various conditions of synchrony and bursting, in the presence of a realistic 
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and constrained background synaptic activity component, could validate the 

assumptions and parameters of the model and confirm the efficacy of synchrony in 

obtaining a high degree of reliability. 

 

3.5.1. Synchrony may be an energetically efficient means of conveying 
information. 

Relatively small temporal synchrony of presynaptic input greatly increased spike 

timing reliability in thalamocortical connections.  The addition of bursts further increased 

the reliability of spiking, although the number of spikes per burst and the burst ISI was 

not critical.  In particular, the slope of the reliability curve was greatest at relatively small 

input synchrony magnitudes (< 120 inputs) even with a low excitatory synaptic release 

probability (0.2).  This is important since there is a tradeoff between synchrony and 

metabolic expenditure to achieve a given amount of information transmission capacity.  

These findings are consistent with previous physiological experiments that found 

synchronized, correlated firing with 1 ms precision in thalamocortical synapses (Alonso 

et al., 1996) and in mouse barrel cortex (Bruno and Sakmann, 2006). 

  Spike synchrony, observed throughout the cortex, may regulate information 

transmission.  For example, the coherence between the timing of spikes and 

synchronous oscillations in the field potentials in cortical area V4 increases with attention 

in monkeys(Fries et al., 2001).  Basket cells have strong inhibitory contacts on the 

somas of pyramidal cells and a small number of synchronously firing basket cells could 

control the spike timing in pyramidal cells located within a cortical column (Tiesinga et al., 

2004).  The impact of the synchronous spikes induced in the pyramidal cells could in 

turn have the same impact downstream as the synchronous LGN spikes have on the 

spiny stellate cells shown here. 

It might be difficult to experimentally detect a synchronous event embedded in a 

much larger number of background spikes.  A large fraction of the neurons would have 

to be monitored simultaneously.  The local field potential is a useful surrogate since it is 

reflects the integrated sum of synaptic currents in a local volume, and the same 
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arguments for the effectiveness of detecting synchronous events intracellularly would 

also apply to the extracellular space.  

 

3.5.2. Effects of spike patterns resulting from other visual stimuli 

 We used spike trains recorded from the cat LGN in response to natural scenes 

from a previously published study (Reinagel and Reid, 2002) (see caption text for Figure 

3-2).  The average rate of this input was 27.5 spikes/s and had a predominantly “white” 

frequency spectrum.   However, the input to the cat was as whole-field flash.  Thus, 

while the frequency of scene changes is naturalistic, the structure of the input is not, as 

rarely are entire visual fields completely homogenous.  Thus, there is some doubt as to 

whether the “whole-field” input in these experiments may have influenced the extremely 

high levels of reliability seen.  In order to address this, we utilize data from other 

experiments, such as those using drifting gratings (Kara et al., 2000) as the visual stimuli 

in future experiments (see next chapter).  

 

3.5.3. Synaptic plasticity, input bursts and active dendrites 

Short-term excitatory synaptic facilitation and depression can either increase or 

decrease reliability depending on the firing rate.  Short-term depression decreases the 

probability of synaptic release, and consequently decreases the probability of 

responding to a following presynaptic spike.  In noisy regimes a ‘noise’ spike is more 

likely to follow a ‘signal’ spike allowing synaptic dynamics to improve stellate cell 

reliability in noisy conditions.  This agrees with previous studies that found synaptic 

depression to increase the efficiency and reliability of information transfer at 

synapses(Berry and Meister, 1998). 

LGN bursts greatly improve spiny stellate cell reliability at low (< 10 spikes/s) 

LGN ‘noise’ spike firing rates.  This agrees with previous in vivo studies that show that 

bursts are more effective than tonic spikes in driving cortical responses (Swadlow and 

Gusev, 2001) and that measures of reliability are significantly greater for burst spikes 
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than for tonic spikes (Alitto et al., 2005).  The higher reliability produced by 

thalamocortical bursts might be involved in perceptual/attentional processes (Swadlow 

and Gusev, 2001). Bursting may not be as effective at high presynaptic background 

firing rates because the probability of release in those states is lower and little is gained 

by the additional spikes.  A systematic variation of burst parameters showed that the 

effect is robust to the exact configuration of the bursts (number of spikes and intra-burst 

interval), with an optimum reached for small numbers of spikes (< 4) and short ISIs (< 6 

ms). The gains in reliability from bursting, however, are at the expense of metabolic cost 

for the additional spikes.   

Active dendritic currents, especially if non-uniformly distributed, can lead to both 

supralinear and sublinear summation of synaptic currents in some types of 

neurons(Polsky et al., 2004).  In our simulations, active dendritic currents did not make a 

significant difference, perhaps because spiny stellate cells are relatively compact 

compared to cortical pyramidal cells, which have large secondary dendritic branches that 

can support independent nonlinear activation(Poirazi et al., 2003a, Polsky et al., 2004, 

Gasparini and Magee, 2006). 

Simulations of a spiny stellate cell in visual cortex have shown that the most 

reliable information transmission through thalamocortical synapses with the least 

number of spikes occurs when there is synchronous firing of thalamic inputs.  These 

results provide insights into how synchrony and bursting can overcome synaptic 

stochasticity and short-term plasticity to produce highly reliable transmission of sensory 

events.   These spiny stellate cells in turn project to layer 2/3 pyramidal neurons; so the 

next step is to study the spike time reliability of pyramidal cells, which have much more 

spatially extended dendritic trees, and to include the integration of the single cell 

mechanisms modeled here with circuit level interactions.   
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3.7. Figures 

 

 

 

Figure 3-1. Linear reliability and firing rate responses 
Linear reliability and firing rate responses results from linear variation of non-synchronous LGN 
synaptic Gmax conductance. (A) Morphology of  V1 layer 4 spiny stellate model cell used for all 
experiments(Mainen and Sejnowski, 1996).  (B-C) Gmax conductance of the 300 LGN input 
synapses in the range of 0 to 3 nanoSiemens (nS).  All trials conducted without synchronous 
input signals inserted.  (B) Spike time reliability (STR) plotted as a function of increasing LGN 
conductance. n=32; Fitted line: m=0.0646, yo=0.0806, R2=0.8976. (B) Firing rate as a result of 
increasing conductance. m= 3.8724, yo=0.1124, R2=0.9837. 
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Figure 3-2. Spike time reliability (STR) is a supra-linear function of synchrony magnitude 
while output firing rate is largely linear.   
(A) Left panels show input rastergrams, which is derived from in vivo recorded data of actual 
neurons subjected to whole field flash varied with natural input frequency (~27.5 spikes/s) 
(Reinagel and Reid, 2000).  Right panels show the output rastergram over 30 trials. (B) Sigmoidal 
STR curve: asymptotic floor = yo = 0.016, ceiling = a = 0.875, inflection point = xo = 73.1 
synapses, and slope at xo = a/b = 0.88/46.5 = 4.11. R2 = 0.985.  (C) Firing rate with linear 
regression fit of m = 0.064, yo = 5.59, R2 = 0.985.  For a-b, n = 50.  A higher concentration of 
data-points between the range of 0 to 120 synapses of synaptic magnitude were created in order 
to resolve the sigmoid.  Note that two rasters in A are shown as corresponding data points in B 
and C via the empty and filled triangles.      
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Figure 3-3.  Increasing synchrony magnitude minimally affects reliability and firing rate. 
Synchrony magnitude (the percentage of total spikes within the central "correlated" peak - a 
metric directly related to input event rate) minimally affects output reliability and firing rate curves.  
(A) The input rastergrams (upper panels) and outputs over trials (lower panels) are shown for 
each combination of synchrony magnitude (90 or 240 synapses) and input event rates (9 or 24 
spks/s).  The correlograms of two synapses are shown as upper insets.  Correlograms have bin 
size = 1ms. (B-C) Reliability and firing rate minimally increases with increasing correlation 
strength.  Synchrony magnitude is fixed for each curve, w/ upper curves synchrony magnitude = 
320 synapses; lower curves synchrony magnitude = 90 synapses; n=28.  (B) Reliability (STR) 
resultant from varying correlation strength. Fit of upper curve m=0.056, yo=0.93, R2=0.955   
Lower curve: m=0.349, yo=0.55, R2=0.939 (C) Corresponding output firing rate from a. Upper 
curve: m=5.915, yo=17.47, R2=0.81, Lower curve: m= 3.6, yo=5.20, R2=0.941   Note that 
corresponding data points are connected to each other across graphs via triangle figures (filled, 
unfilled, and vertical or horizontally marked) which correspond to each data point on plots B and 
C.  Note that these are the same data points denoted and marked in figures 4-5. 
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Figure 3-4. The event rate and synchrony magnitude affect output reliability and firing rate.    
Each cell in the 4x4 table contains a raster of synaptic input spike times for any given trial (top), 
raster of output spike times over all 30 trials (middle), and the resultant reliability and firing rate 
outcomes (bottom).  The event rate was either 9 spikes/s or 24 spikes/s and synchrony 
magnitude was either 90 synapses or 240 synapses. Each pair of results is represented by a 
uniquely colored and patterned diagonal arrowhead (lower right of each cell) used to point to 
corresponding data-points in Figure 3-5.  LGN background noise = 2 spks/s, and event spike 
jitter = 3 ms. 
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Figure 3-5. Covarying event rate & synchrony magnitude affects output reliability and 
firing rate.   
(A,B) Surface plots of input event rate (y-axis) and synchrony magnitude (x-axis) with colored z-
axis representing either:   (A) output reliability, or (B) output firing rate.(C,D) Output reliability 
(black lines) and firing rate (red lines) as a function of either (C) synchrony magnitude (0 to 300 
synapses containing same input events) or  (D) input event rate (varied from 3-30 spikes/s). 
Fitted red dotted line on firing rate has m=2.5, y0=0.12, R2=0.98. Black or red traversal lines on 
panels A and B are connected via arrows to the corresponding curve slices graphed in panels C 
and D.    
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Figure 3-6. Noise tolerance is seen with increasing amounts of noise in the form of jitter as 
well as added noise spikes.   
(A) LGN surrogate signal spikes were inserted with jitters of 0 ms, 3 ms, 6 ms, 12 ms, 24 ms, and 
48 ms respectively and the resulting output reliabilities (STR) are plotted.  The reliability curve for 
0 ms (not shown) and 3 ms were almost identical.  (B) A similar STR curve was plotted for 
experiments in which thalamocortical input event rates are varied from 0 to 12 spks/s.  (C) STR 
curves for noise frequencies (randomly inserted noise spikes) varied from 0-12 spikes/s;  event 
rate = 2 spikes/s for all trials. 
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Figure 3-7. Synaptic inputs with event bursts can boost reliability despite moderate 
amounts of background noise.   
(A) Varying number of spikes per burst from 1 (non-burst) to 5 shows no improvement in reliability 
beyond 2 spikes per bursts. (intra-burst ISI = 3 ms; event rate = 2 spikes/s; noise rate = 2 
spikes/s; n = 30; SEM = +-0.05, synchrony magnitude = 160 synapses).  (B) Bursting (solid lines) 
and non-bursting (dotted or dashed lines) synaptic inputs embedded in 2, 5, and 20 spikes/s 
noise conditions (event rate = 2 spikes/s; 3 spikes per burst; 3 ms ISI).  
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Chapter 4:  Synchrony of Thalamocortical Inputs Maximizes 
Cortical Reliability 

 

4.1. Abstract 

 

Thalamic inputs strongly drive neurons in the primary visual cortex even though 

they constitute only ~5% of the synapses on layer 4 spiny stellate simple cells.  In a 

model of the feedforward excitatory and inhibitory inputs to these cells based on in vivo 

recordings in cats, the reliability of spike transmission rose steeply between 20-40 

synchronous thalamic inputs in a time window of 5 msec, when the reliability per spike 

was most energetically efficient. The optimal range of synchronous inputs was 

influenced by the balance of background excitation and inhibition in the cortex, which 

could gate the flow of information into the cortex.    Insuring reliable transmission by 

spike synchrony in small populations of neurons may be a general principle of cortical 

function. 
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4.2. Introduction 

 

Neurons can perform coincidence detection of synaptic inputs with a temporal 

integration window that depends on the time courses of the synaptic conductances and 

the intrinsic properties of the postsynaptic neuron (Salinas and Sejnowski, 2001b).  

Synchronous cortical inputs occur when there is a salient event in the sensory 

environment, such as the entrance of a moving object into a receptive field (Reinagel 

and Reid, 2000) or the deflection of a whisker in rodent (Bruno and Sakmann, 2006).  

The precise timing of action potentials has been shown to potentially provide information 

in addition to the spike rate (Dan et al., 1998, Reich et al., 2000, Reinagel and Reid, 

2000, Usrey, 2002a, Kumbhani et al., 2007a).  To organize a population of presynaptic 

neurons to fire nearly simultaneously, however, requires resources to precisely time 

spike initiation, parallel anatomical pathways to carry the spikes and energy costs for 

redundant spikes, which may outweigh the benefits of increased information rate 

(Humphrey et al., 1970, Salinas and Abbott, 1994).  We explored these issues in the 

projections from the lateral geniculate nucleus (LGN) of cats to the primary visual cortex.  

The question of efficient information transfer is particularly important for 

thalamocortical connections because thalamic synaptic inputs constitute only ~5% of the 

total synaptic input into cortical simple cells (White, 1989, Peters and Payne, 1993, 

Ahmed et al., 1994), but are nonetheless capable of reliably driving cortical neurons.   To 

examine the relationship between synchrony and reliability, we performed computer 

simulations of a detailed biophysical model of a spiny stellate cell in Layer 4 of area V1 

(Mainen and Sejnowski, 1996) of the cat primary visual cortex (Figure 4-1A). This cell 

received 300 synaptic inputs from the LGN competing with 5500 other excitatory and 

inhibitory intracortical synapses, including feedforward inhibition.  All synapses were 

stochastic and the excitatory synapses included short term history-dependent 

modulation of release probability. We used this model to quantify the number of 

synchronous synaptic inputs that maximizes the efficient transfer of information to the 
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cortical cell and compared these predictions to experimental data obtained in vivo from 

anesthetized cats ((Kara et al., 2000)).  

The pair wise “correlation strength” between two neurons is often used to 

estimate their degree of synchrony (Usrey and Reid, 1999, Usrey, 2002b).  In the visual 

thalamocortical pathway, correlated spikes from two presynaptic LGN neurons strongly 

increase the probability of firing in a postsynaptic primary visual cortex (V1) simple cell 

(Alonso et al., 1996, Usrey et al., 2000, Kara and Reid, 2003) and insure the transfer of 

information from the thalamus to the cortex despite a low probability of synaptic 

transmission (Bruno and Sakmann, 2006, de la Rocha et al., 2007).  Our simulations 

support these results showing that spike output reliability can be predicted by “synchrony 

magnitude” (SM), which is the number of thalamocortical synapses simultaneously 

driven by the same thalamic spike train pattern. Simultaneous recordings from more 

than 2 LGN neurons would be needed to directly measure the SM.   

 

4.3. Methods 

 

4.3.1. General 

The goal of this paper is to better understand the role of synchrony in information 

transfer in the primary visual thalamocortical pathway through analysis of the best 

existing experimental data.  The model allowed us to draw conclusions from the 

experimental data reported in Kara et al (Kara et al., 2000) and reach conclusions that 

were not otherwise possible. We began by developing data analysis tools specific to the 

Kara et al. experimental paradigm of many (200 or more) repeated trials with an identical 

drifting grating pattern stimulus of 250 msec duration.  We confirmed proper data 

extraction and analysis of the Kara data by comparing our calculations of rastergrams, 

Fano Factor (vs. counting window) and PSTH with the values reported in their paper 

(Kara et al., 2000).  In all cases, for the triple recordings from retina, LGN and cortex, 

there was a perfect match. This gave confidence that our calculations of reliability, which 
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is weakly related to Fano Factor and was not calculated in (Kara et al., 2000), would also 

be valid.   

We next created a multi-compartment model of a reconstructed spiny stellate 

neuron from the cat V1 with separate synaptic inputs (both inhibitory and excitatory) from 

LGN and the cortex. Using LGN input patterns recorded during drifting grating 

presentations in the anesthetized cat (Kara et al., 2000) as inputs, we investigated the 

effects on the reliability of the cell of the number and synchrony of LGN afferent 

synapses in the presence of feedforward inhibition and background cortical activity. The 

input “driver” spike trains from LGN included the effects of jitter, noise spikes, and 

bursting. We finally compared these outputs to the actual recorded data from the various 

experimental studies upon which the inputs were based (Kara et al., 2000, Reinagel and 

Reid, 2000, Kara and Reid, 2003). 

 

4.3.2. Morphological models 

All simulations were conducted on a Hodgkin-Huxley multi-compartment neuron 

model using the NEURON version 6.0 simulation environment (Hines and Carnevale, 

1997).  We used a digitally reconstructed spiny stellate cell of the cat V1 region, layer 4 

(Anderson et al., 1994a, b, Mainen and Sejnowski, 1996), consisting of 744 

compartments (Figure 4-1A), subdivided into 6 dendritic branches. All dendritic branches 

were divided into cylindrical compartments with a maximum length of 50 μm. The 

dendritic membrane area of spiny neurons was increased to account for spines (adding 

0.83 μm2 per linear μm of dendrite).  

The soma area was 779 um2, the total dendritic area was 22,491 µm2 and the 

perisomatic area (where GABAergic synapses were located, see below) was 2032 µm2. 

We added an axonal segment of length 250 µm and total area of 95 µm2 for spike 

generation. 

Furthermore, we simulated a feedforward inhibitory neuron which receives input 

from LGN and synapses onto the stellate cell.  The cell was adapted from one used by 

Bush et al (Bush et al., 1999) and is available for download from ModelDB (Hines et al., 
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2004).  The cell consists of 5 compartments, which include a soma and 4 dendritic 

branches. Each compartment contains an AMPA excitatory synapse driven by the same 

LGN input as the V1 neuron.  If the cell spikes, this is transmitted to the SSC cell via a 

GABA synapse with the same conductance strength as a normal intracortical GABAergic 

synapse (Gmax = 0.5 nS; see “Synapses” section) multiplied by a synaptic number 

multiplier representing the number of synaptic connections that this feedforward 

connection makes.  The default used in all experiments is 200 synapses connection 

strength, except for Figure 4-4B, in which a variety of strengths are used to determine 

the effects of inhibitory feedforward connection strength on SSC response. 

 

4.3.3. Currents   

All currents were temperature dependent (Q10 = 3), and the temperature was set 

at 36oC. The global axial resistance was set at 100 Ωcm and the membrane capacitance 

was set to 1.7 ΩF/cm2 to account for the presence of spines (Stuart and Spruston, 1998).  

All currents were calculated using conventional Hodgkin-Huxley-style kinetics with an 

integration time step of 100 μs.  Currents (I) for most channels are given by: 

   I = gaxb(V - E)      (1) 

where g is the local conductance density, a is an activation variable with x order 

kinetics, b is an optional inactivation variable, V is the local membrane potential, and E is 

the reversal potential for the ionic species.   

The somatic compartment contained delayed rectifier potassium (reversal 

potential, EK = –80 mV) and fast sodium (reversal potential, ENa = 50 mV) currents 

responsible for spike generation (Traub et al., 1994).  As in (Mainen and Sejnowski, 

1996) the soma also contained a high voltage activated (HVA) calcium current, ICa 

(Reuveni et al., 1993), with a calcium pump (Destexhe et al., 1993).  Internal calcium 

concentration was computed using entry via ICa and removal by a first order pump:  
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where [Ca2+]∞ = 0.1 μM, and τR = 100msec, and F is the faraday constant.   

A slow non-inactivating potassium current was added to allow for spike frequency 

adaptation (Gutfreund et al., 1995).  Except for the specified reversal potentials, and 

specified different calcium concentration and decay rates (shown above), the above 

currents used the same parameters, including channel activation and inactivation 

variables as specified in the downloadable model (Mainen and Sejnowski, 1996). 

 In addition to the above channels, a slow after hyper polarization (AHP) 

calcium-activated potassium current was added to control bursting (Destexhe et al., 

1994) (τR = 0.1 , EK = -80 mV, gkbar = 0.018 nS).  We also added a slow, non-inactivating 

somatic M current to allow for spike frequency adaptation (Yamada et al., 1989, 

Gutfreund et al., 1995).  The following equations are solved at each time step: 

 n∞ = 1/(1+e(-(V+35)/10))        (3) 

 τn = 1000 /(3.3*(e((V+35)/40)+e(-(V+35)/20)))     (4) 

 n' = (n∞ - n) / τn        (5) 

where n∞ is the state variable at steady state , V is the membrane potential, and 

τn is the time constant.  (gbar = 0.01 S/cm2). 

The axonal section has fast sodium currents and delayed rectifier currents based 

on Traub et al (Traub et al., 1994).  (V = -64mV, gNabar = 0.1 nS, gKbar = 0.05 nS) 

Parameter values for the neuron model and all currents are shown in Table 4-1. 

Because the precise distribution of dendritic ion channels is still largely unknown 

for these cells (White, 1989, Poirazi et al., 2003a), we focused our study on a passive 

dendritic tree. The distribution of leak channels reflected, however, the fact that 

dendrites were more ‘leaky’ than the soma (Stuart and Spruston, 1998) and as a 

consequence we distributed these channels in a graded manner according to: 
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where dhalf is the distance at which the function is halfway between Rsoma and Rend, 

and s determines the steepness of the decay from Rsoma to Rend with distance d from the 

soma to all dendritic compartments (Stuart and Spruston, 1998). We used s = 50 µm, 

Rsoma = 33,333 Ωcm2 and Rend = 10,000 Ωcm2.  As a control, for some simulations we 

also added active dendritic currents based on the same spiny stellate cell model (Mainen 

and Sejnowski, 1996) (results published separately). 

For the inhibitory interneuron cell, the parameters for the various currents are 

unchanged from the original ModelDB download (Hines et al., 2004) and are listed in 

Table 4-1. 

 

4.3.4. Active dendrites 

For some simulations, dendrites were made active as in previous work (Mainen 

and Sejnowski, 1996).  Specifically, three voltage dependent currents and one Ca2+- 

dependent current were added to the passive dendrites using the same Hodgkin – 

Huxley kinetic formalism (reversal potentials, activation variables, reaction rate 

functions). These included fast Na+ channels,   slow non-inactivating K+ channels 

( responsible for after-hyperpolarization),  and high-threshold Ca2+ channels, which were 

uniformly distributed throughout the dendritic arbor. Although there are a wide variety of 

dendritic currents in neocortical dendrites, this model has been shown to be sufficient to 

reproduce a number of firing features seen in cortical cells (Mainen and Sejnowski, 

1996).  

 

4.3.5. Synapses 

Of the approximately 5,000-10,000 synapses on layer 4 (L4) spiny stellate cells, 

only about 6% to 15% are excitatory thalamic afferents (Ahmed et al., 1994).  The other 

inputs consist of  approximately 80% excitatory and 20% inhibitory synapses (Anderson 
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et al., 1994a).  In our model, we simulated 300 LGN excitatory synapses, 4,500 

intracortical (from L4 and L6) excitatory glutamatergic synapses, and 1,000 inhibitory 

GABAergic synapses. All excitatory synapses were randomly distributed (i.e., separation 

distances drawn from a uniform distribution) throughout the dendritic tree and soma, 

while the inhibitory inputs resided perisomatically on dendrites within 200 microns of the 

soma (uniformly distributed).  For the experiments, we introduced structured spike train 

patterns presynaptically into the 300 LGN synapses to simulate behavioral spike trains 

seen in vivo (Reinagel and Reid, 2000).  The 5,500 other synapses were considered to 

contribute only background noise through excitatory and inhibitory currents and they 

were stimulated by independent random spike trains with Poisson distributed arrival 

times.  

All synapses were implemented explicitly as point processes with a continuously 

integrated kinetic scheme that described an alpha function, allowing for summation 

(Srinivasan and Chiel, 1993).  For each simulation, the 300 LGN AMPA synapses (time 

constant 3 msec, reversal potential 0 mV, Gmax = 0.65 nS), were activated by a mixture 

of Poisson presynaptic spike times (noise), and precise spike times forming presynaptic 

patterns (signals). The precise rates and timing of these spike times varied for each 

simulation.  The background presynaptic firing rate of the intracortical excitatory 

synapses (time constant 3 msec, reversal potential 0 mV) was set to Poisson trains with 

rate 1 spike/sec while the inhibitory synapses (time constant 10 msec, reversal potential 

-80 mV) released faster at about 5 spikes/sec Poisson based on estimates obtained 

from awake animals in vivo (Destexhe and Pare, 1999).  The conductances of the 

background excitatory and inhibitory synapses were then adjusted (Gmax = 0.64 nS  and 

Gmax = 0.05 nS respectively) to simultaneously achieve a firing rate of about 3 spikes/sec 

and a membrane potential fluctuation of 3 mV in the absence of any LGN stimulation.  

These values were selected in accordance to in vivo conditions of a cortical cell 

stimulated by background activity alone (Destexhe et al., 2001).  
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4.3.6. Dynamic stochastic synapses 

One important property of excitatory synapses is that they exhibit short-term 

facilitation and depression which increase and decrease, respectively, the probability of 

neurotransmitter  release according to the history of preceding spikes over the last 

several hundred milliseconds (Dobrunz and Stevens, 1997).  In computational models, 

these dynamics are traditionally incorporated phenomenologically (Varela et al., 1997, 

Tsodyks et al., 2000) so as to vary the level of facilitation and depression based on the 

measured average responses of a large group of synapses.  However, these models do 

not capture the stochasticity of individual synapses that only initially release vesicles on 

the order of 20% of the time on average (Allen and Stevens, 1994).  This stochasticity of 

individual synapses is an important source of unreliability, which we included in the 

model.  

The dynamic stochastic synapse we used was based on previous experiments 

and theoretical formulation using minimal stimulation (Stevens and Wang, 1995, Maass 

and Zador, 1999).  The probability of release is characterized by the equation 

Pr(t) = 1 – e-F(t)D(t)                  (7) 

where F(t) and D(t) represent facilitation and depression levels, respectively, and 
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describes an exponentially decaying accumulation of calcium with each 

presynaptic spike at time ti (F0, and  are constants), and 
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where S is the dynamically updated set of spike times that yielded release (D0, , 

’ are constants).  For all simulations, we used F0= 0.003, D0= 60 (yielding an initial 

probability of release of 0.2), the magnitude of depression was set to = 0.02, and the 

magnitude of facilitation was set to = 50. The time constants were set to = 94 msec 
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and ’ = 380 msec. With these values, the response to regular trains of action potentials 

injected simultaneously to 100 synapses distributed randomly consisted of EPSP 

sequences that mimicked in amplitude and dynamics those obtained in vitro and in 

phenomenological models (Varela et al., 1997). 

At each excitatory synapse, when a presynaptic spike is received at time t, the 

probability of release, Pr(t), is calculated based on the current spike history S.  A random 

number from a uniform distribution is then drawn and if the random number is larger than 

Pr(t), a postsynaptic potential is generated, and S is updated.  Note that it is not 

necessary to update Pr(t) for each synapse at every simulation time increment – only 

when a presynaptic spike occurs at that synapse. 

The dynamic synapse model was used for all excitatory synapses, both from 

LGN and from intracortical presynaptic neurons.  For inhibitory synapses, release was 

reliable and occurred with the arrival of each spike in the pre-synaptic train.  Although 

there is some evidence that thalamocortical synapses have a high and largely invariant 

probability of release (Stratford et al., 1996, Gil et al., 1999), other studies indicate the 

possibility of weak synapses (Bruno and Sakmann, 2006).  Thus, for the purpose of this 

experiment, we took into account the worst case scenario by treating intracortical and 

thalamocortical synapses as equally weak and probabilistic.  However, some 

experiments were conducted in which probabilistic neurotransmitter release was 

removed from the LGN synapses. 

 

4.3.7. Simulation Paradigm 

The time step in the NEURON simulations was set at dt = 0.1 msec and the total 

duration of a trial varied from 250 milliseconds to 10 seconds. The first 50 msec of each 

simulation were considered to be numerical transients, and were discarded from all 

analyses. For a set of trials the LGN inputs consisted of a pattern of ‘event’ spikes which 

were received simultaneously (but with some random jitter from synapse to synapse) by 

some designated subset of the synapses. These event spike trains were from actual 

recordings of LGN neurons made by Kara et al (Kara et al., 2000) in anesthetized cats 
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stimulated by drifting gratings.  The number of LGN synapses receiving these event 

spike trains was designated the synchrony magnitude.  For example, a synchrony 

magnitude of 100 synapses means that 100 synapses receive a particular set of events 

simultaneously. Additional Poisson distributed noise spikes were added to all of the LGN 

synapses.  To determine reliability, different sets of presynaptic spike trains from the 

LGN recordings were then input to the LGN synapses for each trial, (not to be confused 

with the “frozen noise” approach (Mainen and Sejnowski, 1995), which utilizes identical 

inputs across trials).  Trial to trial randomness occurred due to dynamic stochastic 

synapses and to random background noise fluctuations. While the presynaptic spike 

trains were identical from trial to trial, the somatic current varied in a random fashion, 

unlike in other studies (Mainen and Sejnowski, 1995). 

4.3.8. Calculation of Fano Factor 

Our calculations of Fano Factor used the same technique of overlapping time 

counting windows described under Methods in (Kara et al., 2000).  Fano Factor is 

defined as: 

W

W
F


 2

           (10) 

where W
2  is the variance and μW is the mean of the firing rate (total spike count) 

in time window W.  In most simulations, W = 250 msec.  This was selected after 

performing a series of tuning experiments to determine the effect of the size of W to find 

the minimal Fano Factor. 

. 

 

4.3.9. Calculation of reliability 

Reliability was computed using a synchrony-based measure (Schreiber et al., 

2003b) applied to the spike train output of the model neuron. Briefly, the spike trains 

obtained from N repeated presentations of the same stimulus were each convolved with 
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a Gaussian filter of width 2σ (σ is the width of the Gaussian kernel in msec) with is


 

denoting the ith smoothed train. After convolving all N trials, the inner product is taken 

between all pairs of trials (each trial normalized by its norm), the inner products are 

summed, and the sum is divided by the number of pairs to yield a reliability measure on 

the interval (0,1). Formally, the reliability R is defined as 
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We used σ = 3 msec, N = 30 trials based on the observation that reliable events 

in the experimental data for V1 cells occur with a jitter of approximately 3 msec 

(Reinagel et al., 1999).  The choice of 30 trials was found to provide consistently good 

estimates of R without running excessively many trials (data not shown). 

This reliability metric had a bias for higher firing rates because an increase in 

overall spike density inevitably caused more overlap with input spikes and thus 

increased the measured spike timing reliability (STR) level. This effect was quantified in 

a control test measuring STR with purely random (Poisson) input spike trains on the 

LGN synapses at differing (0 – 20 spikes per second) arrival rates (results not shown).   

In earlier studies (Mainen and Sejnowski, 1995), the terms reliability and 

precision were related but separately measured quantities.  The metric used in our study, 

which we simply refer to as reliability, actually incorporates both reliability as well as 

precision in the earlier senses.   

 Both reliability and precision of spiking are needed for a neuron to successfully 

decode information contained in the patterns of input spikes.  Note that the output of the 

neuron need not reproduce the input pattern, but may respond with a different pattern of 

spikes.  Our measure of reliability picks up these output spike patterns irrespective of the 

input patterns. 
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4.3.10. Calculation of Reliabilty Per Spike (RPS) 

The reliability, R, of a set of 30 trials was computed (Schreiber et al., 2003b), and 

was divided by the ratio of the average firing rate, FRave, over the maximum observed 

firing rate, FRmax of the entire series of experiments (from 0 – 300 synchronous 

synapses). 

maxave / FRFR

R
RPS       (12) 

 

4.3.11. Calculation of Reliabilty Per Sychrony Magnitude (RPSM) 

The reliability, R, of a set of 30 trials was computed (Schreiber et al., 2003b), and 

was divided by the synchrony magnitude (SM) that was used for that set of trials. 

SM

R
RPSM        (13) 

 

4.4. Results 

 

We compared the output of our model with in vivo recordings from Kara et al 

(Kara et al., 2000),  who simultaneously recorded spike trains from retinal ganglion cells, 

LGN relay cells and cortical cells in the primary visual pathway of anesthetized cats.  

The visual stimulus was a drifting grating, which produced patterns of spikes without 

highly synchronous events, as occurs with flickering visual stimuli (Reinagel and Reid, 

2000).  The presynaptic spike times from the in vivo recordings of LGN cells were 

distributed across a varying number of input synapses in the model (Figure 4-1B-D) as 

well as across an inhibitory feedforward pathway leading to the spiny stellate cell.  This 

pattern was transformed by the synapses into a sequence of neurotransmitter releases 

and integrated with the cortical background inputs to produce a fluctuating membrane 

potential.  The average firing rate and the reliability (Schreiber et al., 2003b) of the 
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cortical cell spike pattern was then computed across 30 repeated 250 millisecond trials 

(Figure 4-1 F-H), each using a different LGN cell spike pattern from the in vivo 

recordings. 

Output reliability was a highly nonlinear function of SM, rising steeply from 20 to 

a maximum at 40 synapses (Figure 4-2A), more rapidly than the output firing rate (Figure 

4-2C).  The reliability-per-synchrony-magnitude (RPSM) function, defined by dividing the 

reliability by the synchrony magnitude, reached an optimal synchrony magnitude (OSM) 

at approximately 30 synapses (dashed line, Figure 4-2B).  The reliability-per-spike (RPS) 

ratio, a measure of the reliability increase for each additional output spike computed by 

dividing each reliability output by its corresponding firing rate, also peaked at 

approximately 30 synchronous synapses (Figure 4-2D).   

In experimental recordings from thalamic and cortical cells, the trial-to-trial spike-

count variability was low (Mainen and Sejnowski, 1995, Kara et al., 2000), indicating that 

the spike rates of these cells conveyed significant information about the input stimulus.   

Using spike trains from these LGN recordings as inputs to the model cell, we also found 

low spike-count variability: The Fano Factor (FF), defined as the sample variance 

divided by sample mean, achieved a minimum of 0.2-0.4 in the range of 20–80 

synchronous synapses. 

The quantitative analysis of output reliability can be inverted to predict the 

number of synchronous inputs that drive cortical cell responses during in-vivo behavioral 

experiments (Figure 4-3).  We plotted data from in vivo recordings of V1 cells supplied 

by Kara et al (Kara et al., 2000) against the transfer function of input synchrony as a 

function of output reliability, as determined by our model,  to infer synchrony magnitude 

of the cells in vivo.  All 4 neurons (from different animals) had predicted input synchrony 

in the range of 20-60 synchronous synapses (Figure 4-3).   The reliability and firing rate 

at the OSM from our model (stars in Figure 4-2), using recorded thalamic input spike 

trains, falls within the observed ranges of the experimental values (Figure 4-3E).  

The OSM in our model required more synapses as we increased jitter or 

feedforward inhibitory strength but the trend was gradual (Figure 4-4A,B).  Also, the 

OSM depended on the balance between background excitatory (E) and inhibitory (I) 
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inputs to the 5,600 intracortical synapses.  When the integrated inputs were balanced 

(total average excitatory input equal to the total average inhibitory input), the neuron 

became highly sensitive to correlated fluctuations of the membrane potential, which 

affected the reliability (Mainen and Sejnowski, 1995) as well as the gain of the input 

spike rate to output spike rate curve (Salinas and Sejnowski, 2000).   We varied the 

cortical background rate and the ratio of inhibitory to excitatory input rates, I/E, to assess 

their influence on the reliability of the synchronous inputs to LGN synapses.  The OSM 

and RPS occurred at 20-30 synchronous synapses over a range of background firing 

rates (Figure 4-4C).  Background excitatory inputs above 1 spikes/sec depressed the 

reliability response by directly competing with the LGN excitatory inputs and introducing 

high levels of spurious output firing.  Increasing the background inhibition also increased 

the OSM and is therefore a potential mechanism for setting the threshold for synchrony 

detection.   
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4.5. Discussion 

 

Spiking due to input synchrony may be a way to insure that important events are 

registered by the spiny stellate neurons in the cortex regardless of asynchronously 

arriving spikes from ongoing cortical computation. This prediction could be tested with 

intracellular recordings in vivo using a dynamic clamp (Sharp et al., 1993) to inject 

somatic conductances reflecting ‘events’ in the presence of in vivo background noise.  

Moving visual inputs give rise to synchronous spikes in retinal ganglion cells 

(Chatterjee et al., 2007).  A single retinal ganglion cell can drive 4 or more LGN cells 

(Usrey et al., 1999) that can make 1- 8 synapses each (da Costa and Martin, 2009b) 

with a spiny stellate cell in V1 with overlapping receptive fields (Alonso et al., 1996).  

Thus, assuming an average of 4 synapses for each LGN axon and an OSM of 20-40, as 

few as 5-10 LGN cells could effectively drive a cortical neuron.  This could be tested by 

studying the effects of modulating the contrast of visual stimuli on the firing rates and 

reliability of spike timing in cortical cells (Kara et al., 2000, Schneidman et al., 2006). 

Cortical feedback to the thalamus could also regulate the degree of synchrony among 

thalamocortical cells.   

 We have quantified the number of synchronous thalamic spikes needed to 

reliably report a significant sensory event to cortical neurons, consistent with previous 

physiological experiments that found correlated firing with 1 msec precision in visual 

cortex (Alonso et al., 1996, Dan et al., 1998) and mouse barrel cortex (Bruno and 

Sakmann, 2006).  Spike synchrony, through converging anatomical pathways, enhances 

the information transfer rate and speeds up processing (Butts et al., 2007, Lesica et al., 

2007).  

The output spike pattern of a layer 4 neuron is thus determined by the temporal 

pattern, as well as the rate, of the synchronous thalamic inputs according to the history-

dependent dynamics of its synapses acting coherently.  The same analytical methods 

used here could be applied to study reliability and connectivity in other types of neurons.  

Spike synchrony, observed throughout the cortex, may also have a more general 
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function in insuring information transmission between cortical areas (Tiesinga et al., 

2008).  
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4.8. Figures 

 

 

 

Figure 4-1. Varying synchrony of input synapses affects output reliability and firing rates.  
(A) Morphology of  a reconstructed V1 layer 4 spiny stellate cell which was modeled with 748 
compartments, thalamocortical (TC) synapses with a release probability of p = 0.2 and short-term 
plasticity (see Supplement) (Mainen and Sejnowski, 1996), and a feedforward inhibitory 
interneuron which receives input from LGN and projects to the spiny stellate cell.  (B-D) 
Rastergrams of all 300 thalamocortical synaptic inputs into the model cell for one trial.  An input 
spike train obtained from in vivo LGN recordings (Kara et al., 2000) (referred to as ‘event’ times) 
was repeated on a number of input synapses (synchrony magnitude).  The input events were 
time jittered on average by 1 msec and had 1 out of 10 spikes randomly deleted.  (E-G) Synaptic 
release rastergram for inputs (B-D).  (H-J) Superimposed spiny-stellate membrane potentials 
from 30 trials. (K) Cortical cell output spike trains from experimental in vivo recordings (17).  (L-N)  
Rastergrams of outputs from 30 trials of inputs based on different LGN spike trains from the in 
vivo data.   
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Figure 4-2. Average spike-time reliability, firing rate, and efficiency measures as a function 
of synchrony magnitude. 
Standard deviation bars plotted using data from 10 data points using 30 independent trials each.  
(A) Output spike reliability (B) reliability-per-synchrony magnitude (RPSM) has a peak at a 
synapse synchrony magnitude of 30 (vertical dashed line). (C) Firing rate responses.  (D) 
Reliability-per-spike (RPS) efficiency (reliability/firing rate) also peaked at 30 synchronous 
synapses.   
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Figure 4-3.  Predicted input synchrony ranges for in vivo recordings.  
Graphs from Figure 2 were inverted to make synchrony magnitude the dependent variable.  In 
each graph, 4 triangles are positioned along the x-axis (input value) corresponding to in vivo 
experimentally measured values with sufficiently from 4 separate animals (Kara et al., 2000), and 
the inferred output synchrony magnitude is shown as a horizontal dashed line from the first 
intersection on each curve.  Predictions were made based on (A) Reliability, (B) Firing rates, (C) 
Reliability-per-spike (RPS) and (D) Fano Factor (taken from Figure S2C).  (E) The predicted firing 
rate and reliability at the SM = 30 (filled dot with error bars) is plotted along with the measured 
values from the 4 sets of recordings (triangles).  Despite the small sample of cell with enough 
trials the estimated reliabilities cluster around 0.4. 
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Figure 4-4. Effect of input jitter, inhibitory interneuron strength, and the balance of 
inhibitory and excitatory background inputs on the predicted optimal synchrony 
magnitude (OSM).   
(A) The jitter of the input event signals was varied from 0 to 30 ms.  The default used in Figures 
1-3 used jitter = 1 msec.  (B) The number of synapses from the feedforward inhibitory 
interneurons was varied from 0 to 1000 synapses.  The default used in Figures 1-3 was 200 
synapses.  (C) The Poisson distributed presynaptic spike trains for the 4,500 excitatory 
(glutamate) and 1,000 inhibitory (GABA) intracortical synapses were covaried from 1 to 3 spikes/s 
excitatory background inputs and 1 to 15 spikes/s inhibitory background inputs. The default in 
Figures 1-3 was 1 excitatory spike/sec and 5 inhibitory spikes/sec. 
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Figure 4-5. Balance of inhibitory and excitatory background input affects the reliability 
curve.   
The reliability vs. synchrony magnitude and output firing rates were measured while the rates of 
the random (Poisson) presynaptic spike trains for the 5000 excitatory (Glutamate) and 1000 
inhibitory (GABA) intracortical synapses were varied. Excitatory synapses were stochastic with 
short term plasticity (see methods). LGN inputs were all at 3 spikes/sec Poisson event rate for 1.5 
second duration.  Similar results were obtained for the 27.5 spikes/sec naturalistic stimulation 
event sequence (not shown).  (A) The background synaptic drive was varied while the ratio,  of 
excitatory to inhibitory input rates remained constant at 1:5.  The slope at the inflection point 
increases with decreasing background drive.  Reliability is high and each output spike is 
significant when total drive is low (Glu 0.5 spikes/sec, GABA 2.5 spikes/sec)   Higher total drive 
significantly increases firing rate and reduces asymptotic reliability.  (B) Varying the ratio of 
excitatory to inhibitory rates by changing the excitatory (Glu) input shows a similar steepening of 
the slope of the reliability curve around an inflection point as the Glu rate is decreased (β 
increased).  (C) When excitatory spike rates were fixed and the inhibitory GABA spike rates were 
changed from 0 to 8 spikes/sec, there is the same steepening of the slope. At 15 – 30 spikes/sec, 
however, the inflection point is shifted to the right because massive inhibition causes 
hyperpolarization and only significant LGN synchrony can cross threshold.  
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Figure 4-6. Minima of FF(t) for data and models at each counting window size (T).   
At the shortest counting window (T=1 ms), the minimum FF is close to unity.  With larger counting 
windows (T= 5 t 250), the minimum FF progressively decreases.  (A) Curve as calculated for 800 
trials of experimental data provided from in vivo recordings (Kara et al., 2000).  (B) Curve as 
calculated for 800 trials of modeled data.  The curve roughly matches the shape of the 
experimental data. 
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Table 4-1. Table of parameter values used for the V1 Spiny Stellate Cell (SSC). 
3 major groupings - dendrites, axon, and soma (next table).  Parameters that applied to all 
groupings are listed in the general section.  Other added mechanisms are shown within each 
group. 

 

All SECTIONS 
V_init -60 mV Initial starting voltage 
dt 0.1 msec Simulation time step 
tstop 250 msec Simulation time duration 
T 36 C Simulation temperature 
Ra 70 cm Global Axial Resistance (Stuart and 

Spruston, 1998) 
EK -80 mV Potassium Reversal Potential 
ENa 50 mV Sodium Reversal Potential 
 
Inserted Mechanisms 
Leak Currents  
Eleak -85 mV Reversal potential of leak current 

 
DENDRITES 
gleak 27*10-5 S/cm2 Leak current conductance (varies according to 

distance from soma, see supporting materials 
text) 

Cm 1.7 mF/cm2 Membrane capacitance, increased to account 
for spines (Stuart and Spruston, 1998) 

Ra 100 cm Axial resistance 
 

AXON 
Cm 1  mF/cm2 Membrane capacitance 
gleak 1*10-5 S/cm2 Leak conductance 
Ra 10 cm Axial resistance 
 
Inserted Mechanisms 
Hodgkin-Huxley Na/K channel  
Vthresh -64 mV Threshold voltage (Traub et al., 1991) 
GNabar 0.1 S/cm2 Sodium conductance 
GKbar 0.05 S/cm2 Potassium conductance 
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Table 4-2. Table of parameters used for the V1 SSC soma. 
Parameter values for the soma. 

 

SOMA 
Cm 1.3 mF/ cm2 Membrane capacitance 
gleak   3*10-5 S/cm2 Potassium leak channel conductance 

(Stuart and Spruston, 1998) 
Ra 1 cm Axial resistance 
Rm 33,333 cm2 Specific membrane resistance (Stuart and 

Spruston, 1998) 
 
Hodgkin-Huxley Na/K channel  
Vthresh  -68 mV Threshold voltage 
gnabar  0.3 S/cm2 Sodium conductance 
gkbar 0.18 S/cm2 Potassium conductance 
 
Inserted Mechanisms 
Im current 
gMbar 0.01 S/cm2 M-current conductance 
 
IAHP channel Slow Ca-dependent potassium current to 

control bursting 
[Ca]i 0.025 mM Initial calcium concentration 
β  0.03 msec-1 Backward rate constant 
τmin 0.1 msec Minimal value of the time constant 
gkbar  0.018 S/cm2 Potassium conductance 
 
ICa channel      
gbar 0.2 S/cm2 Calcium channel conductance 
 
Ca decay pump   
[Ca]∞  0.005 mM Steady state calcium ion concentration  
[Ca]i 0.04 mM  Initial calcium ion concentration 
kd 0.02 mM Equilibrium calcium value 
kt 1*10-4 mM/msec Time constant of the pump 
depth 1 μM  Depth of shell 
taur 1*1010 msec Time constant of first-order decay   
decay 100 msec Decay time constant 
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Table 4-3. Table of parameters used for the inhibitory neurons.   
The basket cell is based on G1.34 of V1 project from Bush et al (Bush et al., 1999).  All 
parameters with regard to the basket cell remain unchanged from the original ModelDB download 
(Hines et al., 2004). 

 

SOMA 
Cm  2.2125 mF/cm2 Membrane capacitance 
gleak  1.475*10-4 S/cm2 Leak conductance 
Eleak  -61 mV Reversal potential of leak channel 
Ra 200 cm Axial resistance 
 
Hodgkin-Huxley Na/K channel  
Vthresh  -68 mV Threshold voltage 
gnabar  0.3 S/cm2 Sodium conductance 
gkbar 0.18 S/cm2 Potassium conductance 
 
Inserted Mechanisms 
Na channel Sodium channel 
gmax 0.08  S/cm2 Maximal conductance 
 
K channel Potassium channel 
gmax 0.09 S/cm2 Maximal conductance 
 
Ca channel  Borg-Graham channel (Borg-Graham, 

1987) 
gmax 0.0005 S/cm2 Maximal conductance 
 
Calcium removal pump   
decay  100 msec Decay time constant 
 
Kca channel    
gmax 0.0025 S/cm2 Maximal conductance 
 
DENDRITES 
Leak current  
gleak  1.475*10-4 S/cm2 Leak current conductance 
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Chapter 5:  Multiplicity of Unreliable Thalamic Inputs 
Increases Cortical Spike Time Reliability 

 

5.1. Abstract 

 

Synchronous spiking of thalamic inputs allows neurons in layer 4 of area V1 of 

visual cortex to fire reliably and precisely despite being outnumbered by a factor of 20 by 

cortical inputs (Wang et al., 2010).  Neurotransmitter is released at multiple synapses 

from different afferent thalamic relay neurons each with its own pattern of spikes and 

source of unreliability.  Thus, the recipient cortical neuron rarely receives a signal that is 

uniformly synchronous.  Our goal was to examine the effects of deviations from perfect 

synchrony using in vivo recordings from thalamic and spiny stellate cells from cats in 

response to two types of visual inputs:  Whole-field flashes, which elicited a high degree 

of synchrony, and drifting gratings, which produced less precise, graded responses.  

These recordings were used as inputs to a reconstructed multi-compartmental model of 

a spiny stellate cell to explore the effects of converging thalamic inputs and variability in 

synaptic release and short-term plasticity on postsynaptic spike reliability.  We found that, 

paradoxically, less coherent synchrony, resulting from different multiple simultaneous 

neuronal inputs, can, under natural conditions, increase postsynaptic reliability as a 

consequence of synaptic synchrony and leading edge effects.  These findings could 

explain the patterns of connectivity found in the primary visual pathway as well as 

highlight adaptive mechanisms that improve the reliability of neural systems. 
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5.2. Introduction 

Relatively weak synchrony of input spikes on thalamic neurons is sufficient for 

sensory information to reliably enter the cortex (Bruno and Sakmann, 2006, Wang et al., 

2010); this explains how cortical spiny stellate neurons can be reliably driven by 

thalamocortical connections even though they constitute only 5% of the total afferent 

synapses (White 1989; Peters 1993; Ahmed 1994 ; da Costa 2009).  It also explains why 

repeating presentations of the same time-varying visual input leads to reliable and 

precise firing in the retina, lateral geniculate nucleus (LGN), and V1 in cats in vivo (Kara 

et al., 2000).  In the LGN, the firing pattern was similar and reliable across all cells of the 

same class even across different animals (Reinagel and Reid, 2002).   

The effectiveness of weak synchrony depends on the precise connectivity of the 

feedforward visual pathway (Alonso et al., 1996, Usrey et al., 1998, Yeh et al., 2003).  

Synchrony among spikes converging on relay neurons in the LGN and cortical neurons 

in V1 increases the magnitude of the postsynaptic depolarization and as a consequence 

increases the reliability of the evoked postsynaptic response.  Spikes from LGN neurons 

that share input from a common retinal afferent (Usrey et al., 1998), have overlapping 

receptive fields and are of similar type (ON-center or OFF-center) (Alonso et al., 1996, 

Yeh et al., 2003) exhibit increased correlation (averaging around 10%)  and tight 

synchrony (often less than 1 msec).  The synchrony of spikes from these groups of LGN 

neurons propagate to V1 spiny stellate neurons in layer 4. Simultaneous spikes (< 1 

msec apart) from two different LGN cells increased the probability of firing of a driven 

cortical neuron by 69% compared to non-synchronous spikes (Alonso et al., 1996) when 

the LGN cells had strongly overlapped receptive fields of the same sign and shared a 

common retinal afferent (as determined by their spike correlation).   

The degree of synchrony in the inputs to layer 4 cortical spiny stellate cells is 

significantly different between whole-field flash (Reinagel and Reid, 2002) and drifting 

grating stimuli (Kara et al., 2000).    This raises the issue of what aspects of the visual 

input control the reliability of the cortical response.  This could be studied experimentally 

by recording from a large number of thalamic inputs, but most experiments have  
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focused on either recording from small subsets of neurons or have used simplified 

stimuli, such as homogenous whole-field flash, that do not take into account the trial-to-

trial variability of the input neurons under realistic circumstances (Reinagel and Reid, 

2002).  An alternative is to model the sources of variability and explore the effects on the 

neural output (Wang et al., 2010).  This approach provided quantitative estimates for 

how many LGN synaptic inputs need to converge on a spiny stellate neuron and how 

synchronously coordinated they must be in order to elicit reliable responses. 

Here we used a realistic compartment model to explore the consequence of 

having 5-10 converging synapses per afferent thalamic fiber (da Costa and Martin, 

2009a) on the reliability of the postsynaptic neuron.   Both the number of afferent cells 

and the number of synapses from the same afferent fiber were varied.  LGN spike train 

recordings from two experimental studies served as inputs to the model trial-to-trial 

temporal variations: LGN input patterns arising from whole-field flash (Reinagel and Reid, 

2000) and drifting gratings (Kara et al., 2000).  We found that the less synchronized 

input patterns from the drifting gratings could drive the spiny stellate cell almost as 

reliably as the inputs from the whole-field flash if the inputs were organized with 5-10 

converging synapses per afferent thalamic fiber as found anatomically in the LGN (da 

Costa and Martin, 2009a). 

Paradoxically, less coherent synchrony (resulting from different multiple 

simultaneous neuronal inputs) increased postsynaptic reliability.  We show that 

synchronicity and leading edge correlation may explain this effect.  These findings may 

help to explain certain aspects of neural connectivity in the primary visual pathway as 

well as highlight adaptive mechanisms based on imperfectly reliable neural mechanisms. 

 

5.3. Materials and Methods 

 

5.3.1. Morphological model 

All simulations were performed using the NEURON simulation environment 

(Hines and Carnevale, 1997).  We used a digitally reconstructed spiny stellate cell of the 



107 

 

 

   

cat V1 region, layer 4 (Mainen and Sejnowski, 1996), consisting of  744 compartments 

(Figure 5-1C), subdivided into 6 dendritic branches. The soma area was 779 m2, the 

total dendritic area was 22,491 m2 and the perisomatic area (where GABAergic 

synapses were located, see below) was 2032 m2. We added an axonal segment of 

length 250 m and total area of 95 m2.  Details of the model, including a parameter list 

for all currents, can be found in a previous paper (Wang et al., 2010). 

 

5.3.2. Global modeling parameters 

For all NEURON simulations, several standard parameters were used.  The time 

step for each run was set at dt = 0.1 ms, and the total duration was 250 ms. The first 50 

ms transient period of each simulation was discarded from all analyses. All currents 

were temperature dependent (Q10 = 3 by default), and the temperature was set at 36oC. 

The initial membrane voltage was -60 mV and the global axial resistance was set at 100 

Ohm-cm.  The potassium reversal potential EK = -80 mV and sodium reversal potential 

ENa = 50 mV were kept constant. The membrane capacitance was set to 1.7 F/cm2 to 

account for the presence of spines (Stuart and Spruston, 1998). 

 

5.3.3. Quantitative assumptions 

There are approximately 5,000-10,000 synapses on spiny stellate cells in the cat, 

about 5% of which are excitatory thalamic afferents (Ahmed et al., 1994, Stratford et al., 

1996).  Approximately 80% of these synapses are excitatory, and 20% are inhibitory 

(Anderson et al., 1994a).  In the model, we simulated 300 LGN excitatory synapses, 

4,500 intracortical (from L4 and L6) excitatory glutamatergic synapses, and 1,000 

inhibitory GABAergic synapses. Unless otherwise noted, all excitatory synapses were 

uniformly and randomly distributed throughout the dendritic tree and soma, while the 

inhibitory inputs resided perisomatically on dendrites within 200 microns of the soma.   

The background presynaptic firing rate of the intracortical excitatory synapses was set at 
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1-2 spike/s while the presynaptic intracortical inhibitory cells fired at 5 spikes/s 

(Destexhe and Pare, 1999).  All background spikes were Poisson distributed.   

For all of the simulations, we only altered the presynaptic spike trains of the 300 

LGN synapses.  The 5,500 other excitatory and inhibitory synapses were set at 

continuous Poisson distributed firing mode and were considered background noise. 

 

5.3.4. Ionic Currents   

All currents were temperature dependent (Q10 = 3), and the temperature was set 

at 36oC. The global axial resistance was 100 cm and the membrane capacitance was 

1.7 F/cm2 (higher than the nominal 1.0 F/cm2  to account for the presence of spines 

(Stuart and Spruston, 1998)).  All currents were calculated using conventional Hodgkin-

Huxley-type kinetics with an integration time step of 100 μs.  Currents (I) for most 

channels are given by: 

    I = gaxb(V - E)     (1) 

where g is the local conductance density, a, is an activation variable with x order 

kinetics, b is an optional inactivation variable, V is the local membrane potential, and E is 

the reversal potential for the ionic species.   

The somatic compartment contained delayed rectifier potassium (reversal 

potential, EK = –80 mV) and fast sodium (reversal potential, ENa = 50 mV) currents 

responsible for spike generation (Traub et al., 1994).  As in (Mainen and Sejnowski, 

1996) the soma also contained a high voltage activated (HVA) calcium current, ICa 

(Reuveni et al., 1993), with a calcium pump (Destexhe et al., 1993).  Internal calcium 

concentration was computed using entry via ICa and removal by a first order pump:  

RF )/][Ca - ]([Ca-)2/I* 10 (-   
dt

]d[Ca
2i2ca

5i2


      (2) 

where [Ca2+]∞ = 0.1 μM, and τR = 100 msec, and F is the faraday constant.   
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A slow non-inactivating potassium current was added to allow for spike frequency 

adaptation (Gutfreund et al., 1995).  Except for the reversal potentials and calcium 

concentration and decay rates specified here, the currents used in the simulations had 

the same parameters, including channel activation and inactivation variables, as in 

(Mainen and Sejnowski, 1996) and can be downloaded from ModelDB (Hines et al., 

2004). 

In addition to the above channels, a slow afterhyperpolarization (AHP) calcium-

activated potassium current was added to control bursting (Destexhe et al., 1994) (τR = 

0.1 , EK = -80 mV, gkbar = 0.018 nS).  We also added a slow, non-inactivating somatic M 

current to allow for spike frequency adaptation (Yamada et al., 1989, Gutfreund et al., 

1995).  The following equations were solved at each time step: 

 n∞ = 1/(1+e(-(V+35)/10))        (3) 

 τn = 1000 /(3.3 (e((V+35)/40)+e(-(V+35)/20)))     (4) 

 n' = (n∞ - n) / τn        (5) 

where n∞ is the steady state value of n gate, V is the membrane potential, and τn 

is the time constant.  (gbar = 0.01 S/cm2). 

The axonal section has fast sodium currents and delayed rectifier currents were 

based on Traub et al (Traub et al., 1994).  (V = -64mV, gNabar = 0.1 nS, gKbar = 0.05 nS) 

Parameter values for the neuron model and all currents are shown in Table 4-1. 

Because the precise distribution of dendritic ion channels is still largely unknown 

for these cells (White, 1989, Poirazi et al., 2003a), we focused on a passive dendritic 

tree. The graded distribution of leak channels reflected, however, dendrites that were 

more ‘leaky’ than the soma (Stuart and Spruston, 1998): 

 
e  1

r - r
  r  (d)r

d)/s -(d
endsoma

endm
half

      (6)             
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where dhalf is the distance at which the function is halfway between rsoma and rend, 

and s determines the steepness of the decay from rsoma to rend with distance d from the 

soma to all dendritic compartments (Stuart and Spruston, 1998). We used s = 50 m, 

rsoma = 33,333 cm2 and rend = 10,000 cm2.  As a control, for some simulations we also 

added active dendritic currents based on those in the original spiny stellate cell model 

(Mainen and Sejnowski, 1996) (unpublished). 

For the inhibitory interneuron, the parameters for the various currents were taken 

unchanged from the original ModelDB (Hines et al., 2004) and are listed in Table 4-3. 

 

5.3.5. Synapses 

All synapses were implemented explicitly as point processes with a continuously 

integrated kinetic scheme that described an alpha function, allowing for summation 

(Srinivasan and Chiel, 1993).  For the 300 LGN AMPA synapses (decay time constant 3 

msec, reversal potential 0 mV, Gmax = 0.65 nS), presynaptic spike trains arrived at a 

Poisson distributed rate consistent with the particular simulation. A subset of these 

synapses also carried the signal presynaptic spikes which were in a pattern set by the 

particular simulation.   

Background noise was simulated with the additional 4500 AMPA input synapses, 

each receiving a presynaptic Poisson train at 1-2 spikes/s (Gmax = 0.64 nS, adjusted so 

as to yield an approximate 3 spikes/s background firing of the reconstructed cell).  One 

thousand GABAergic background noise synapses (decay time constant 10 msec, 

reversal potential -80 mV, Gmax =0.05 nS) were added with synaptic release times 

Poisson distributed at 5 spikes/s mean rate. All GABAergic synapses were deterministic 

(no probabilistic release) and uniformly distributed within 200 m of the soma. 
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5.3.6. Dynamic stochastic synapses 

One important property of excitatory synapses is that they exhibit short-term 

facilitation and depression, which increase and decrease, respectively, the probability of 

neurotransmitter  release according to the history of preceding spikes over the last 

several hundred milliseconds (Dobrunz and Stevens, 1997).  In computational models, 

these dynamics are traditionally incorporated phenomenologically (Varela et al., 1997, 

Tsodyks et al., 2000) to vary the level of facilitation and depression based on the 

measured average responses of a large group of synapses.  However, these models do 

not capture the stochasticity of individual synapses that only initially release vesicles on 

the order of 20% of the time on average (Allen and Stevens, 1994).  The stochasticity of 

individual synapses is an important source of unreliability, which was included in the 

model.  

The dynamic stochastic synapse we used was based on previous experiments 

and theoretical formulation using minimal stimulation (Stevens and Wang, 1995, Maass 

and Zador, 1999).  The probability of release is characterized by the equation 

Pr(t) = 1 – e-F(t)D(t)                               (7) 

where F(t) and D(t) represent facilitation and depression levels, respectively, and 
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where S is the dynamically updated set of spike times that yielded release (D0, , 

’ are constants).  For all simulations, we used F0= 0.003, D0= 60 (yielding an initial 

probability of release of 0.2), the magnitude of depression was set to = 0.02, and the 

magnitude of facilitation was set to = 50. The time constants were set to = 94 msec 
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and ’ = 380 msec. With these values, the response to regular trains of action potentials 

injected simultaneously to 100 synapses distributed randomly consisted of EPSP 

sequences that mimicked in amplitude and dynamics those obtained in vitro and in 

phenomenological models (Varela et al., 1997). 

At each excitatory synapse, when a presynaptic spike is received at time t, the 

probability of release, Pr(t), is calculated based on the current spike history S.  A random 

number from a uniform distribution is then drawn and if the random number is larger than 

Pr(t), a postsynaptic potential is generated, and S is updated.  Note that it is not 

necessary to update Pr(t) for each synapse at every simulation time increment – only 

when a presynaptic spike occurs at that synapse. 

The dynamic synapse model was used for all excitatory synapses, both from 

LGN and from intracortical presynaptic neurons.  For inhibitory synapses, release 

occurred with the arrival of each spike in the pre-synaptic train.  Although there is some 

evidence that thalamocortical synapses have a high and largely invariant probability of 

release (Stratford et al., 1996, Gil et al., 1999), other studies indicate the possibility that 

these synapses have typical strengths and reliability for cortical synapses (Bruno and 

Sakmann, 2006).  We chose into the worst case scenario by treating intracortical and 

thalamocortical synapses as equally weak and probabilistic.  However, some 

experiments were conducted in which probabilistic neurotransmitter release was 

removed from the LGN synapses. 

  

5.3.7. Active dendrites  

For some simulations (not shown here), active dendrites were inserted into the 

spiny stellate cell model according to the method used  in (Mainen and Sejnowski, 1996).  

Three voltage dependent currents and one Ca2+- dependent current were added to the 

passive dendrites using the same Hodgkin – Huxley style kinetics (reversal potentials, 

activation variables, reaction rate functions) (Mainen and Sejnowski, 1996).  These 

included fast Na+ channels,   slow non-inactivating K+ channels ( responsible for after-

hyperpolarization),  and high-threshold Ca2+ channels, which were uniformly distributed 
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throughout the dendritic arbor using the same densities as utilized by their model. 

Although there is a wide variety of dendritic currents in neocortical dendrites, this model 

supports a number of cortical firing patterns (Mainen and Sejnowski, 1996). 

5.3.8. Experimentally Derived Visual Inputs 

In vivo recordings from cat LGN relay cells in response to whole-field flash 

yielded high spike time reliability and precision, not only for different cells of the same 

type within the same animal, but across different animals (Reinagel and Reid, 2002).  

Figure 5-1A, top panel, shows the luminance time course of the flickering whole-field 

visual stimulus and bottom panels shows the responses of the LGN neurons to these 

repetitions of the same dynamic visual stimulus in the form of a rastergram, which has 

rows that represent a single trial, with each action potential represented by a single point.   

In another series of experiments in vivo in cats, the stimuli were drifting sine 

gratings.  Figure 5-1B shows the input visual stimuli for a drifting grating experiment 

(Kara et al., 2000) and the output rastergram as recorded from the LGN.   Figure 5-1C 

shows the overall experimental paradigm of both the experimentally recorded data as 

well as the section representing the modeled responses. 

The whole-field flash stimulus produced much sharper transitions, and the spike 

times for events in the LGN were more reliable (0.8 to 0.9 reliability), compared to the 

drifting grating experiments with smooth sinusoidal temporal variation elicited less 

reliable outputs (0.4 to 0.5 reliability).  In both cases, the mean firing rate across a single 

trial varied from 25 to 42 spikes/s. 

 

5.3.9. Variation of Synchrony Magnitude 

 To study the effects of synchronous synaptic inputs on the reliability of repeating 

presentations of the same stimulus, some thalamocortical synapses received additional 

event spikes that were synchronous from synapse to synapse, representing the ‘signal 

event’ that would be carried from the LGN when a stimulus was presented in the 

receptive field of the neuron.  The actual number of synapses making up an event was 
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called the ‘synchrony magnitude’, and the rate at which these events occurred was 

called the ‘event rate’. 

Event rate and synchrony magnitude were varied between 3-30 spikes /s and 0-

300 synapses respectively, within parameter ranges described by physiological 

experiments (Ahmed et al., 1994, Gil et al., 1999, Reinagel and Reid, 2002).   The 

synchronous presynaptic event spikes at the given synapses all occurred at the same 

mean times but had a random jitter added to each spike independently at each synapse. 

Unless noted otherwise, the jitter (Gaussian standard deviation) was set to 1 msec, in 

accordance with experimental measurements of LGN spike trains (Gray, 1994, Reid and 

Alonso, 1995, Reinagel and Reid, 2000), which reported spike precision values ranging 

from 1-3 msec.  Some of the synchronous spikes were deleted, with a probability of a 

missing event spike set at 10%, and additional random spikes were added to all of the 

LGN synapses to represent “noise” in the LGN afferents.  

 

5.3.10. Connective Input Architecture  

In previous experiments (Wang et al., 2010), inputs were modeled from a 

singular input source.  However, since only of 5-10 synapses arise are from any input 

neuron (da Costa and Martin, 2009a), we varied the grouping of the input synapses to 

recreate the spatial diversity that results from having multiple neural inputs in the 

experiments.  Figure 5-2 illustrates the effects of having a single input (Figure 5-2A), 

versus having multiple input sources (Figure 5-2B and C).  When there are multiple input 

sources, the overall synchrony magnitude is equal to the number of sources multiplied 

by the synapses per source.  Both the source number and number of synapses per 

source were varied.   

The thalamic inputs in the model were selected from the in vivo recorded data; 

although these were all recorded from a single cell or set of cells, they are assumed to 

be representative of the variation across different relay cells in response to the same 

stimulus. 
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5.3.11. Inhibitory Interneuron 

We simulated a feedforward inhibitory neuron that received input from LGN relay 

cells and contacted the spiny stellate cell.  The cell was adapted from (Bush et al., 1999) 

and was download from ModelDB (Hines et al., 2004).  The cell consisted of 5 

compartments, which included a soma and 4 dendritic branches. Each compartment 

contained an AMPA excitatory synapse driven by the same LGN input as the V1 neuron.  

The output of the inhibitory cell was GABA synapses on the spiny stellate cell with the 

same conductance strength as a normal intracortical GABAergic synapse (Gmax = 0.5 nS; 

see “Synapses” above) multiplied by a synaptic number multiplier representing the 

number of synaptic connections made by this feedforward connection.  The default used 

in all experiments was 200, except for Figure 5-4B, in which a variety of strengths were 

used to determine the effects of inhibitory feedforward connection strength on SSC 

response. 

For the inhibitory interneuron, the parameters for the various currents were 

unchanged from those in the ModelDB (Hines et al., 2004) and are listed in Table 4-3. 

 

5.3.12. Simulation Paradigm 

The time step in the NEURON simulations was set at dt = 0.1 msec and the total 

duration of a trial varied from 250 milliseconds to 10 seconds. The transients during the 

first 50 msec of each simulation were discarded from all analyses. For a set of trials the 

LGN inputs consisted of a pattern of ‘event’ spikes that were received simultaneously 

(but with some random jitter from synapse to synapse) by some designated subset of 

the synapses. These event spike trains were taken from recordings of LGN neurons 

(Kara et al., 2000) in anesthetized cats stimulated by drifting gratings.  The number of 

LGN synapses receiving these event spike trains was called the synchrony magnitude.  

For example, a synchrony magnitude of 100 synapses means that 100 synapses receive 

a particular set of events simultaneously. Additional Poisson distributed noise spikes 

were added to all of the LGN synapses.  To determine reliability, different sets of 

presynaptic spike trains were chosen from the LGN recordings to serve as inputs to the 
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LGN synapses on each trial, (in contrast to “frozen noise” paradigm (Mainen and 

Sejnowski, 1995), in which the identical input was used across trials).  Trial-to-trial 

randomness occurred due to dynamic stochastic synapses and to random background 

noise fluctuations even when the presynaptic spike trains were identical. 

 

5.3.13. Output Reliability Measure 

Reliability was computed using a synchrony-based measure (Schreiber et al., 

2003b) applied to the spike train output of the model neuron. Briefly, the spike trains 

obtained from N repeating presentations of the same stimulus were each convolved with 

a Gaussian filter of width 2σ (where σ is the width of the Gaussian kernel in msec) with 

is


 denoting the ith smoothed train. After convolving all N trials, the inner product is taken 

between all pairs of normalized trials, the inner products are summed, and the sum is 

divided by the number of pairs to yield an average reliability measure on the interval 

(0,1). Formally, the output reliability Rout is defined as 
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We used σ = 3 msec, N = 30 trials based on the observation that reliable events 

in the experimental data for V1 cells occur with a jitter of approximately 3 msec 

(Reinagel et al., 1999).  The choice of 30 trials was found to provide consistently good 

estimates of Rout without running excessively many trials (data not shown). 

This reliability metric had a bias for higher firing rates because an increase in 

overall spike density inevitably caused more overlap with input spikes and thus 

increased the measured spike timing reliability (STR) level. This effect was quantified in 

a control test measuring STR with purely random (Poisson) input spike trains on the 

LGN synapses at differing (0 – 20 spikes per second) arrival rates (results not shown).  

In earlier studies (Mainen and Sejnowski, 1995), the terms reliability and 

precision were related but separately measured quantities.  The metric used in our study, 
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which we simply refer to as reliability, incorporates both the previous measures of 

reliability and precision.   

 Both reliability and precision of spiking are needed for a neuron to successfully 

decode information contained in the patterns of input spikes.  Note that the output of the 

neuron need not reproduce the input pattern, but may respond with a different pattern of 

spikes.  The Schreiber measure of reliability detects output spike patterns irrespective of 

the input patterns. 

 

5.3.14. Synchronicity 

In previous experiments the synchrony magnitude was sufficient to describe an 

amount of synaptic synchrony relative to other experiments of the same modeling 

paradigm because the synchronous synaptic events were inserted in the same manner 

throughout all of the experiments (ie – all of the firing events were synchronous across 

all of the synapses deemed to be receiving input from a single common source).  

However, by adding multi-source inputs or jitter, the number of synchronous synapses is 

no longer an accurate depiction of the amount of synchrony relative to other, simpler 

types of inputs.  Furthermore, differences between types of inputs, such as whole-field or 

drifting grating inputs create different types of spiking statistics that can affect the 

amount of synchronous input.  We define input synchronicity, Sin as the spike train 

output of the model neuron, which has the advantage that it provides the average 

probability of an output spike occurring at a particular time independently of the input 

stimulus.   For calculating the Sin of the input spikes within a single trial, we apply a 

modified form of the equation which we generally used to calculate any form of reliability 

(input or output) as explained in the previous section (Schreiber et al., 2003b), hence the 

similar suffix “-icity” to denote the relationship between the methods of measuring 

reliability and synchronicity. 

In a modified form of the equation used to determine output reliability, Ns spike-

time vectors representing the input for each synapse receiving synchronous input are 

each convolved with a Gaussian filter of width 2σ (where σ is the width of the Gaussian 
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kernel in msec) with iq  denoting the ith smoothed train. After convolving all N synaptic 

input spike trains, the inner product is taken between all pairs of normalized trials, the 

inner products are summed, and the sum is divided by the number of pairs to yield an 

average reliability measure on the interval (0,1). Formally, Sin is defined as 
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Ns = the number of thalamocortical input synapses.  σ = 3 msec, based on the 

observation that reliable events in the experimental data for V1 cells occur with a jitter of 

approximately 3 msec (Reinagel et al., 1999).  

 

5.3.15. Input Reliability 

The further downstream a neuron is from sensory input (in terms of synaptic 

connections), the more variable the spiking because of synaptic noise and spontaneous 

activity (Kara et al., 2000).  The inputs to the model included the sources of noise in the 

retina and LGN by using the spike times recorded from the LGN (Kara and Reid, 2003) 

to represent the trial-to-trial variability in the model.  For the sake of isolating the 

importance of this input variation, both a control “noiseless” input stream (Fig 3A) and 

the more realistic “noisy” input stream (Figure 5-3B) was used in the study.   For 

“varying” inputs to the model neuron, we chose a different spike pattern from a different 

biologically recorded trial.  In the case of “repeating” inputs, the same identical spike 

pattern was presented. 

For calculating the scalar value of the input reliability across trials (usually 30 

trials), a variant of the measure used for output reliability (Schreiber et al., 2003b) was 

used, except that the spike trains were not convolved with a Gaussian; instead, the 

PSTH of each input for each trial was taken as the spike vector and the inner product 

calculated between every pair of vectors.  Formally, the input reliability across trials, Rin 

is defined as 
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pi denotes the ith PSTH vector. N = 30 input trials collected from the 

experimental input data (Kara and Reid, 2003).  We used σ = 3 msec, based on the 

observation that reliable events in the experimental data for V1 cells occur with a jitter of 

approximately 3 msec (Reinagel et al., 1999).   

 

5.3.16. Fano Factor 

The Fano Factor was calculated using overlapping time counting windows 

described under Methods in (Kara et al., 2000): 

W

W
F


 2

           (13) 

where W
2  is the variance and μW is the mean of the firing rate (total spike count) 

in time window W.  In most simulations, W = 250 msec.  This was selected after 

performing a series of tuning experiments to determine the effect of the size of W to find 

the minimal Fano Factor.  Counting windows were varied, within a trial, from 1 msec to 

250 msec (the length of the trial). This analysis reveals the effects of spike count 

variability over different periods in the trial, averaged over all trials. Traditionally, the 

counting window with minimum Fano Factor is quoted as the correct value. The 

minimum Fano Factor occurred in the range of 50 msec in both cases (not shown).  This 

implies that there was a strong statistical similarity between our model stellate cell and 

the recorded cortical cells in cat when presented with identical spike trains. 

 

5.3.17. Reliabilty per Spike (RPS) 

The output reliability, Rout, of a set of 30 trials was computed (Schreiber et al., 

2003b), and was divided by the ratio of the average firing rate, FRave, over the maximum 
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observed firing rate, FRmax of the entire series of experiments (from 0 – 300 synchronous 

synapses). 

maxave / FRFR

R
RPS out      (14) 

5.3.18. Reliabilty per Synchrony Magnitude (RPSM) 

The reliability, Rout of a set of 30 trials was computed (Schreiber et al., 2003b), 

and was divided by the synchrony magnitude (SM) that was used for that set of trials. 

SM

R
RPSM out      (15) 

 

5.4. Results 

 

5.4.1. Combining Multi-Source Spatial Variation with Trial-to-trial Variation 
Produced High Reliability 

The inputs to the model spiny stellate cell were taken from in vivo LGN spike 

trains arising from drifting grating stimulation in the cat (Kara et al., 2000). (), which 

included trial-to-trial variations and multi-source physiological thalamocortical 

connectivity (Freund et al., 1985a, Banitt et al., 2007, da Costa and Martin, 2011) .   In 

the example in Figure 5-4 there were only 6 precursor LGN neurons  with the input 

rastergrams depicting groups of  spikes aligned across five synapses (i.e. group size is 

five and synchrony magnitude is 30; see Figure 5-1).  Groups of aligned synapses from 

individual LGN thalamic relay neurons (e.g., synapses 1 through 5 from the first LGN 

neuron) appear as jittered vertical lines in the input spike rastergram and this spike 

pattern changed from trial-to-trial.  Although the input spike trains were spread out over 

100 ms, the successfully transmitted spikes (red) clustered in a 50 msec window in 

response to the drifting grating stimulus (Kara et al., 2000).  
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The input spike histograms illustrate the impact of short term synaptic depression, 

which produced a peak of neurotransmitter release in the 50 to 80 msec window but 

almost no neurotransmitter was released in the time window from 100 to 150 msec. The 

resulting stellate cell membrane potential was smoothly depolarizing and reliably 

produced a spike at approximately 75 msec (see Figure 5-4B output spike rastergram; 

Rout = 0.62).  

The reliability and precision of the resulting output spike train was quite high 

considering the degree of variability of input spike trains across the 30 synapses on each 

trial (average synchronicity = 0.64 for the 30 trials; see Methods), and the high degree of 

variation in individual LGN spike trains from trial-to-trial (input reliability = 0.68 in Figure 

5-4; see Methods). Although the firing rates of the LGN inputs were greater than 20 

spikes/sec, the stellate cell output was only 5.6 spikes per second when averaged over 

30 trials.  Although the number of output spikes varied from zero to three, on most trials 

(28 out of 30) there was only one or two output spikes and almost all trials (26 out of 30) 

had a spike in the time window from 70 to 80  msec.  Although the  that  synchrony 

magnitude was low and the input spike trains were 100 msec long, the precision of the 

output was high and 73% (22 out of 30) of the trials had a leading spike at 74 ± 3 msec. 

 

5.4.2. Total strength of synchrony in LGN input determines output reliability.  

Four classes of input (LGN) stimuli were used with different thalamocortical 

connectivity and spike train reliability of the LGN neurons, as described in the Methods. 

To better understand the impact of these factors on the reliability of the V1 cortical cell 

response, we varied the synchrony magnitude (number of LGN synaptic inputs) for each 

of the cases.   

Figure 5-5 illustrates these reliability curves for both drifting grating (blue) and 

whole-field flash (red) stimulus. The data for Figure 5-4 produced the synchrony 

magnitude SM = 30 point on the blue curve in Figure 5-5C.  As reported earlier (Wang et 

al., 2010) the highly nonlinear reliability responses again showed that only 20 to 40 

synchronous synapses are needed for a reliable output spike pattern to emerge.   
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The greatest number of synchronous spikes occurred with a single source (all 

synapses coming from a single LGN neuron) and a repeating input spike train for each 

trial (Figure 5-5A). Except for a small jitter (1 msec), every synapse on every trial 

received the same spike train.  Although physiologically unrealistic, this case produced 

the highest reliability and served as the upper bound.  There was little difference in both 

threshold and reliability for the two different stimuli.  

Adding realistic connectivity (with a group size of 5) reduced the degree of 

synchronicity in the input spike rasters for each trial and produced a significant (but not 

dramatic) reduction in reliability (Figure 5-5A).  The threshold reliability for whole field 

flash nearly doubled from 20 to 40 synapses, but the asymptotic reliability decreased by 

only 5%. This is clearly related to the small cell to cell variation in LGN spike patterns 

with this type of stimulus (Reinagel and Reid, 2002). There was a much larger  (~ 15%) 

reduction in asymptotic reliability for drifting grating stimuli due to the much larger  

variation in LGN spike patterns, hence a lower per trial synchronicity, with drifting 

gratings (Kara et al., 2000).  

In Figure 5-5D, the in-trial spike patterns are all the same but the patterns vary 

from trial-to-trial, as in Figure 5-5B, trial-to-trial.  There was no effect on the threshold 

reliability for either stimuli but at intermediate (SM = 30-50) and asymptotic (SM = 100) 

synchrony magnitudes, reliabilities were significantly reduced. The reliability for the 

drifting grating stimuli was particularly low (less than 50%) for all synchrony magnitudes.  

Paradoxically, however, combining multi source and grouped LGN spike patterns with 

trial-to-trial variation increased the reliability for both stimulus protocols (Figure 5-5C).  

For this case, which was the most physically realistic, the largest improvement in 

reliability occurred with drifting grating inputs (compare Figure 5-5 and D – blue).  The 

use of multi-sourcing of inputs always produced a high reliability, regardless of the type 

of stimuli.   

Another finding was that for multi-sourcing, the output reliability in the threshold 

region was higher for the drifting gratings than for the whole-field flash inputs (compare 

the blue and red curves in Figure 5-5A and C for synchrony magnitudes in the range of 

10 to 40 synapses).   At a synchrony magnitude of SM = 30, for example, the output 



123 

 

 

   

reliability was an order of magnitude higher for drifting grating inputs for repeating stimuli 

and a factor of 3 higher when the stimuli varied from trial-to-trial.   

5.4.3. Difference in Input Reliability between Input Stimuli 

As a possible explanation for the results in Figure 5-5, we investigated the input 

reliability for the same four cases.  Input reliability (synchronicity), made up of intra-trial 

(Single source/Multiple Source) and inter-trial (Repeating /Varying), represents the 

degree of synchrony in the input spike trains from the LGN.  Indeed, we found that the 

large difference in output reliability was reflected in the difference in input synchronicity 

between the whole-field flash stimulus and grating stimulus.  Figure 5-6A shows that for 

a single trial, the synchronicity was affected by multi-sourcing much more for grating 

stimuli than for whole-field flash experiments.  The differences were even more dramatic 

for trial-to- trial variability as the synchrony magnitude was varied (Figure 5-6B).   For 

whole-field stimuli there was high input reliability under all conditions, consistent with 

high spiny stellate cell output reliability with this stimulus (Figure 5-5).  The repeating 

grating stimuli also had high input reliability as expected, since exactly the same stimuli 

were presented across trials regardless of the number of input sources.  However, when 

varying input data were used with different LGN recordings for each trial, thalamocortical 

connectivity was a factor because trials with single source inputs had a much lower input 

reliability than those with multi-source inputs. In particular, the input reliability of the 

single-source varying grating stimuli case asymptoted to a low value, but the 

synchronicity of the multi-source varying grating inputs continued to increase with the 

synchrony magnitude.  This was the condition that led to higher output reliability, as 

reflected in the ratio of Rin to Rout in Figure 5-6C, in which the curve for single-source 

varying grating stood out from all the other conditions.  

The (output) Reliability per Synchrony Magnitude (RPSM) (see Methods) was 

found to consistently peak in the 30-40 synapses range for both whole-field flash and 

drifting grating input stimuli and for all conditions (Figure 5-6D), consistent with earlier 

findings (Wang et al., 2010).  Whole-field flash stimuli elicit higher firing rates than did 

grating stimuli (Figure 5-6E) due to the strong synchronous spike bursts in the LGN input 

that were spread more or less evenly across the stimulus time window.   A  series of 
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separated LGN spike “events” (Butts et al., 2010) was better matched to the  temporal 

receptive field and to the synaptic dynamics (depression and recovery) of the V1 cortical 

cell than was the broader spike pattern of the grating stimulus which occurred in a short 

interval of the stimulus time window. 

 

5.4.4. Importance of Temporal Pattern of Inputs Spikes 

There were differences in the times of the first input spikes across trials when 

inputs were from multi-source, varying grating stimuli (see Figure 5-4).  To explore the 

impact of this source of variability, we shifted the input spike trains so that the first spike 

at each synapse was aligned to fire exactly at the same time as other synapses across 

all trials (Figure 5-7).  The overall result was a significant number of synaptic releases (7 

to10) at exactly the same time (51 msec) on each trial (see Synaptic Inputs in Figure 

5-7A) that produced an output spike at 55±1.5  msec in approximately 40% of the trials 

(Figure 5-7B output raster). This was followed by a 30 msec burst of releases that again 

(compare to Figure 5-4) produced an output spike in 80 % of the trials centered at 75 

msec but in a much broader window (i.e. lower precision) . This shorter duration release 

window (from 50 msec wide in Figure 5-4B to around 30 msec in Figure 5-7B) contained 

fewer releases and resulted in a less precise pre-spike membrane potential pattern (i.e., 

spike triggered average). As a consequence the output spike had lower precision but 

almost the same reliability (24 out of 30 trials) for this event.  However the Rout reliability, 

which measures the overall pattern strength in the output raster, dropped significantly 

from 0.62 to 0.5 respectively (Figure 5-4 and 7).  

Nevertheless, in most cases the maximal reliability was not significantly changed 

when the first spikes were aligned (Figure 5-8A).  The lone exception was with single-

source, varying inputs where the maximal reliability increased by more than 50%, from 

Rout = 0.4 to Rout = 0.6. Thus, alignment of the LGN spike trains by their first spikes could 

be a partial explanation for the increased reliability with multi-source inputs when LGN 

spike trains vary from trial-to-trial (Figure 5-5).    
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We also explored rate effects by keeping the input spike train patterns but 

stretching the time, so that the rate was decreased by one half but the fine structure of 

the relative timing was preserved.  This form of “time stretching” only reduced the 

reliability by a small, but significant, amount over synchrony magnitudes (Figure 5-8B, C) 

for all four cases. The reliability drop was largest in the multi-source varying case, which 

is the most physiologically important, implying that the patterns of absolute time intervals 

in the varying LGN spike trains have significance.  These LGN spike patterns, of course, 

determine the time course of membrane potential in the V1 cortical cell, which, when 

matched to the temporal receptive field of the cell, led to the one or more output spikes 

per trial.   Thus the output reliability of the layer 4 spiny stellate cells was determined not 

only by their connectivity to the LGN relay neurons, and not only by the synchrony 

magnitude (i.e. number of LGN precursor cells), but also by the specific spike time 

patterns of the LGN cells.  This is best seen in the grating stimuli case where the 

recordings from a single LGN neuron (Kara et al., 2000)  are vastly different from trial-to-

trial but each pattern by itself still produces a reliable spike pattern from the V1 cell (see 

single source  repeating case, (Figure 5-5B). But each LGN spike pattern produces a 

slightly different membrane potential time course and hence a differing spike patterns in 

the V1 cell (denoted by the large reliability drop from trial to trial in Figure 5-5D.  

Nevertheless, the amelioration of this reliability drop with multisource input indicates that 

the V1 cell membrane potential time courses are related somehow so that when grouped 

together in a single trial, they produce a reliable output spike train from trial to trial.  

  

5.4.5. Effects of Varying Synapses per Source and Jitter 

The thalamocortical connectivity, which determines the multiple LGN neurons 

that contribute to the input for a given synchrony magnitude, is important for V1 cell 

reliability.   In addition, each thalamocortical afferent had multiple boutons.   In most of 

our simulations the group size was 5,  consistent with both detailed anatomic studies 

(Freund et al., 1985a, Freund et al., 1985b)   and others simulations (Banitt et al., 2007). 

For example, for a synchrony magnitude of SM = 20, a synapse group sizes of 

approximately 10 synapses produced the highest output reliability for whole-field flash 
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stimuli (Figure 5-9A).  At higher levels of synchrony magnitude, group size had less 

effect on output reliability (Figure 5-9 B-D).  However, for grating stimuli, the output 

reliability was greatest for a group size of 5 or less synapses for stimuli varying inputs 

across trials and synchrony magnitudes SM ≥  30).  Overall, a group size of around 5 

synapses was optimal or near optimal across all patterns of input stimuli and this value 

was used in most of the simulations.  

We also varied the added jitter to the input spike patterns (Figure 5-10).  The 

output reliability for the whole-field input stimuli had greater sensitivity to jitter than for 

grating stimuli.  The grouping size had more of an effect on the output reliability to 

grating stimuli, especially for varying inputs.  Note than in some conditions, such as for 

an optimal synchrony magnitude SM = 30 and number of synapses per source 5 or less, 

small amounts of jitter (1-3  msec) improved output reliability. 

 

5.5. Discussion 

 

5.5.1. Reliability of Spike Timing Depends on Intrinsic Mechanisms and Input 
Stimulus 

The goal of this study was to assess the degree to which stochastic 

neurotransmitter release and the spatial and temporal variability in thalamocortical inputs 

affected the reliability of output spikes and to characterize the role of input spike 

synchrony in generating precise and reliable spike timing in cortical neurons. The spiny 

stellate cell was chosen as the focus of this study because it receives direct thalamic 

input as well as synaptic inputs from other cortical neurons, and synaptic release at 

these synapses is stochastic and displays short-term plasticity including facilitation and 

depression.   The first step was to identify the mechanisms for reliability and precision of 

spiking in single neurons. 

When fluctuating current is directly injected into the soma of cortical neurons in 

cortical slices, the timing of spikes is highly precise and reliable when the current 

waveform is repeated exactly (Mainen and Sejnowski, 1995).  This raised the possibility 
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that, in the neocortex, information may be carried in the timing of spikes as well as in the 

number of spikes. However, the current was injected in the soma rather than in the 

dendrites where most of the synaptic contacts occur.  Although the injected current had 

a power spectrum similar to that of integrated synaptic conductances, short-term 

synaptic plasticity and probabilistic release at cortical synapses was not included.  

Nonetheless, subsequent in vivo experiments in cats and monkeys, using fluctuating 

visual stimulation, found reliable spike firing patterns in neurons throughout from the 

retina and thalamus to visual cortex (Zador and Dobrunz, 1997, Buracas et al., 1998, 

Reinagel and Reid, 2002, Haider et al., 2010).  In these experiments, repeating visual 

pattern stimulations produce repeatable temporal firing patterns in the recorded cells, 

with a precision that varied from less than 1 ms in the LGN to 5 msec in visual cortical 

area MT.    

This study continues this line of investigation and further establishes that 

converging LGN afferents can evoke reliable and precisely timed spikes in the cortex 

even when the LGN input patterns are different.   As few as 20-30 LGN synapses from 

4-5 LGN cells (da Costa and Martin, 2011) firing synchronously can produce reliable 

spikes in cortical neurons, based on simultaneous recordings from the LGN and V1 

(Wang et al., 2010), but fewer synchronous inputs are much less effective.  Thus, 

mechanisms in the visual pathway preserve temporal information in spike patterns 

despite inherently unreliable synaptic transmission mechanism.  This confirms a 

prediction from in vitro recordings that about 10 excitatory postsynaptic currents within 

10 msec can reliably produce a postsynaptic spike in cortical neurons (Mainen and 

Sejnowski, 1995).   

Because we used recordings from an LGN cell as inputs to our model, the output 

of the spiny stellate cell inherited the same receptive field properties as the LGN cell.  

The response of the recorded spiny stellate cell to a single 250 ms trial during a single 

cycle of a drifting grating  was only a few spikes (Kara et al., 2000).  In our model, in 

response to recordings from LGN neurons, the spiny stellate cell reliably evoked a single 

spike in a ~10 msec window near the threshold synchrony magnitude of 30, much 

narrower than the 100 ms duration of the input spike train.  This suggests that a single 

spiny stellate cell spike can reliably convey the information that a visual stimulus 
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appeared on the retina that matched its receptive subfield. Such a single spike code 

would be consistent with the classical simple cell receptive field model (Hubel and 

Wiesel, 1962), though in a sparser and much more energy efficient way than by a rate 

code.  At higher synchrony magnitudes additional output spikes appeared in a reliable 

structured pattern that could convey additional information about the visual stimulus with 

higher precision.  However, a spike time code is vulnerable to noise.  Just a few random 

noise spikes could severely degrade the information content and badly confuse the 

downstream visual processing.  This could be overcome if the cortex took advantage of 

the relative timing of spikes in a population of spiny stellate cells, recapitulating the same 

synchrony mechanism used by the thalamus. 

  

5.5.2. Increased Input Sampling Enhances Reliability and Robustness 

The output reliability of the spiny stellate cell depended on the reliability of the 

LGN spike train inputs, which in turn depended on the visual stimulus (Butts et al., 2007).  

Thus, whole field flash stimuli were encoded by LGN neurons with more precision than 

the drifting gratings.  However, the loss of input reliability for drifting gratings, which can 

be considered a slowly changing feature, was compensated by the convergence of 

multiple inputs from multiple LGN cells, which allowed their input distributions to be 

sampled (Jin et al., 2011).    Not only the connectivity of the LGN to the cortex but as 

well the connectivity of the retina to the LGN may be important for maintaining high 

fidelity cortical responses (Kara and Reid, 2003). 

Although it might seem that additional variability was added by sampling different 

inputs, to the contrary, sampling from multiple sources compensated most of the 

degradation in reliability (multi-sourcing).   This may be a general principle that could 

explain why populations of neurons are found in the cortex with overlapping receptive 

fields, each with a spike train carrying a different sample from a distribution that 

represents the stimulus.  Downstream neurons that receive multiple samples from the 

population can on a single trial more accurately encode the properties of the stimulus.   

Thus, rather than being a source of “noise,” multi-sourcing is a way to reduce trial-to-trial 

variability.   
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Synchrony is an energetically efficient means for communicating information 

reliably.  Relatively small spatial and relatively weak temporal synchrony of presynaptic 

inputs greatly increased spike timing reliability in thalamocortical connections in our 

simulations.  In a previous study, we found the optimal degree of synchrony that 

maximized the amount of temporal reliability and precision against the cost of synchrony 

was synchrony magnitudes in the range SM = 30-40 (Wang et al., 2010).  In this study, 

we showed further that this optimal synchrony magnitude remained stable over a wide 

range of input conditions.  This stability indicates that the cortex operates in a robust 

regime that is capable of maximal efficiency regardless of the input variation and noise.  

Even when the output consisted of only a single spike, its timing was precise despite 

lower synchronicity of the LGN inputs.  Thus, spike timing can carry significant 

information about the features in sensory input (Bialek et al., 1991).  

Spiny stellate cells project to layer 2/3 pyramidal neurons; so the next step is to 

study the spike time reliability of pyramidal cells, which have much more spatially 

extended dendritic trees, and to include the integration of the single cell mechanisms 

modeled here with circuit level interactions (Tiesinga et al., 2008).  Spike synchrony, 

observed throughout the cortex, may also regulate the communication of information 

between cortical areas (Salinas and Sejnowski, 2001b).  For example, the coherence 

between the timing of spikes and synchronous oscillations in the field potentials in 

cortical area V4 increased with attention in monkeys (Fries et al., 2001).  Basket cells 

have strong inhibitory contacts on the somas of pyramidal cells and a small number of 

synchronously firing basket cells could control the spike timing in pyramidal cells located 

within a cortical column (Tiesinga et al., 2004).  The impact of the synchronous spikes 

induced in pyramidal cells could in turn have the same impact downstream as the 

synchronous LGN spikes have on the spiny stellate cells shown here. 

 

5.5.3. Conclusion 

Simulations of a spiny stellate cell in visual cortex have shown that the most 

reliable information transmission through thalamocortical synapses with the least 

number of spikes occurs when there is synchronous firing of thalamic inputs.  These 
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results provide insights into how synchrony and bursting can overcome unreliable 

synaptic transmission and short-term depression to produce highly reliable reporting of 

sensory events to the cortex.   Synchronous input spiking may be a way to insure that 

highly important events such as the movement of a visual stimulus or the deflection of a 

whisker in rodent (Bruno and Sakmann, 2006) are registered by the spiny stellate 

neurons in the cortex despite the disproportionately larger number of asynchronously 

arriving spikes from ongoing computation within the cortex. This prediction could be 

tested with intracellular recordings in vivo by using a dynamic clamp to inject somatic 

conductances derived from a model and comparing the reliability levels with those 

obtained from the model.  The various conditions of synchrony and bursting, in the 

presence of a realistic and constrained background synaptic activity component, could 

validate the asumptions and parameters of the model and confirm the efficacy of 

synchrony in obtaining a high degree of reliability. 
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5.7.1. Figures 

 

Figure 5-1. Recordings from lateral geniculate (LGN) inputs from two types of in vivo 
experiments and how they were used in to model the reliability of signal transmission to 
the visual cortex.  
(A) Thalamic inputs from (Reinagel and Reid, 2002) using whole-field flash stimuli.  Left panel 
illustrates flickering whole screen flashes over time.  Circle indicates there is a receptive field of 
the recorded LGN cell, which is fed uniform intensity luminance.  Left panel shows the luminance 
changes as a function of time.  Top right panel shows responses of an individual LGN neuron 
(ON-center X cell) to 128 repeats of the same dynamic visual stimulus.  Each row represents a 
single trial, with each action potential represented by a single point; the horizontal axis represents 
time (the first 500 msec of an 8 sec trial is shown).  The spike times are aligned relative to the 
stimulus onset, without correction for latency differences among the cells.  (B) Thalamic 
recordings from (Kara et al., 2000) using drifting grating visual stimuli.  (Left panel) drifting grating 
and circle shows receptive field of the recorded LGN cell, which has non-uniform graded intensity 
light intensity. (Top panel) Luminance over time is a smooth sinusoidal function with 4Hz 
frequency.  Bottom panel shows output raster of a recorded LGN cell. (C) Modeling paradigm 
where retinal and LGN responses are taken from the in vivo experiments used as input into a 
model system (shown in dotted box). The main V1 Layer 4 spiny stellate neuron had 300 
thalamocortical synapses, and feedforward inhibitory inputs from an interneuron.  The model 
stellate cell had 6000 synapses, of which 300 were from LGN, 200 from feedforward inhibitory 
interneurons, 4500 excitatory intracortical background, and 1000 additional inhibitory intracortical 
background synapses.  All synapses other than the thalamocortical input and the feedforward 
inhibition were programmed to fire randomly with Poisson statistics (5Hz for inhibitory synapses 
and 1Hz for excitatory synapses). 
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Figure 5-2. Models for the connectivity between thalamic inputs and the spiny stellate cell.   
(A) In single-source connections, a single LGN relay cell was the only input to the cortical cell.  
There is low variability in the firing pattern of synchronous synapses, as displayed in the 
rastergrams, in the middle panel.  The firing patterns were derived from in vivo recorded data of 
thalamic neurons in response to drifting gratings (Kara et al., 2000).  Lower panel shows the 
output rastergram over 30 trials. (B, C) Multi-source models had more than one input neuron, 
each with different input spike times.  Equal numbers of synapses were derived from each input 
neuron.  Thus, the number of sources multiplied by the number of synapses per source is defined 
as the synchrony magnitude of the signal received by the recipient neuron.  (B) For two input 
sources, there were 10 synapses from each source for a synchrony magnitude of 20 synapses. 
Each source had a different spike pattern.  (C) With 4 input sources, each had 5 synapses for a 
synchrony magnitude of 20 synapses. The fragmentation of the overall synchrony was greater as 
shown in the middle panel.   Note the bottom panel each column show icons that denote the type 
of input, whether from a single source or multi-source (the number of shaded segments does not 
necessarily indicate the number of input sources for multisource inputs). 
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Figure 5-3. Comparison between repeating trial-to-trial inputs versus varying trial-to-trial 
inputs. 
In vivo recordings from drifting grating experiments (Kara et al., 2000) as seen in Fig 1B vary from 
trial-to-trial, despite identical visual stimuli.  This was due to natural variation from unreliability and 
information processing within the retina and LGN.  (A) In a completely invariant, noiseless system, 
there would be no trial-to-trial variation.  In this case, each spike pattern, which is multiplied by 
the synchrony magnitude (in this case, 20 synapses), is exactly identical.  (B) For inputs varying 
from trial to trial, each trial has a different spike pattern sampled form the in vivo data (each trial 
thus was given a differently shaded background).  The bottom icon denotes a “deck” of trials (one 
trial per card) with each trial colored in order to represent differences across trials.  Note that both 
(A) and (B) used single source inputs.  Icons for single-source/repeating inputs and single-
source/varying inputs are shown in the bottom panels.   
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Figure 5-4. The multi-source, varying inputs condition combines spatial source variation 
and variation over trials.   
(A) Individual trials are shown in separate panels where the upper left half depicts the input spike 
rastergram with black indicating presynaptic spikes that failed to release neurotransmitter, and 
the red dots indicating successful releases.  Note that there were 6 groups of 5 synapses 
(Synchrony magnitude = 30), each with one of the recorded LGN spike trains (Kara et al., 2000).  
On the lower left half of each panel is the post-stimulus time histogram (PSTH) of the synaptic 
inputs with black indicating failed releases and red the successful ones.  Because of short-term 
depression, the failure rate increased during the trial.  The membrane potential traces of the V1 
stellate cell are shown in the upper right corner of each panel. Below this is the corresponding 
output spike time(s) for that trial.  (B) Summation of all of the 30 individual trials.  Superimposed 
input rastergrams on the upper left, and the PSTH with the total sum of all input spikes across all 
trials below it.  The upper right corner shows superimposed membrane potentials with the 
average across all 30 trials in a heavy black dashed line.  Bottom right corner shows the output 
rastergram across 30 trials with its output reliability (Rout) and firing rate.   
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Figure 5-5.  2 x 2 matrix table showing two forms of input variation and their effects on 
output reliability. 
Drifting grating (blue) and whole-field flash experiments (red). Upper row represents multi-source 
inputs, the lower row represents single-source inputs, left column represents repeating inputs 
across trials, and the right column shows varying inputs.  Bars present average reliability and 
standard deviation over synchrony magnitudes (SM) from 40 to 100.  
(A) Multiple inputs produce a high degree of output reliability when inputs are repeated from trial 
to trial.  (B)  Repeating input without any input variation (single source) across synapses 
produces the highest reliability.  (C) Maximal output reliability is high despite two forms of 
variability.  (D) Single source inputs produce low output reliability for grating stimuli but whole-field 
flash stimuli are relatively unaffected when inputs are varied from trial to trial. 
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Figure 5-6.   Effects of spike input reliability for whole-field flash and grating stimuli.   
(A) Within trial reliability (synchronicity) was calculated for all four input cases. Height of bars 
represents synchronicity averaged over all trials and over all SM except for SM=0. Standard 
deviation was low across SM due to the method of calculation (see Methods). However, the 
synchronicity was significantly lower for the grating stimuli with multi-source inputs because the 
LGN spike trains varied much more for grating stimuli (Kara et al., 2000) recordings than for  
whole-field flash stimuli (Reinagel and Reid, 2000). (B)  Trial-to-trial input reliability was high 
except for single source grating stimuli.  The varying inputs reduced the input reliability greatly, 
which also resulted in lower output reliability.  (C) The ratio of output reliability over input reliability 
(Rout /Rin) is an important indicator of the reliability gain by the recipient neuron.  Although they 
had lowest Rin and Rout, the single-source/varying input trials had the largest reliability gain.  
Insets show the output reliability, also shown in Figure 5-5.  (D) The Optimal Synchrony 
Magnitude (OSM) was determined by dividing Rout by the synchrony magnitude (Rout /SM) and 
finding the peak.  The OSM occurred between 20-30 synapses across all input conditions.  (E) 
The firing rates driven by whole-field flash stimuli were significantly higher than responses to 
grating stimuli. 
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Figure 5-7.  Aligning first input spike from multi-source inputs for grating experiments 
affecteds leading edge of output spike response.  
Compare with Figure 4 (same synchrony magnitude and grouping). (A) Each input spike train was 
shifted so that the first spikes all aligned at 50 msec (upper left in each panel).  This was reflected 
in the PSTH (lower left panel) where the first bin has a large number of spikes compared with the 
other bins (red spikes denote neurotransmitter release and black spikes denote failures).  Right 
quadrants of each trial panel shows membrane potential over time with the output spike time(s) 
below.  (B) Summary plots across all trials show superposition (upper left) and PSTH (lower left), 
with a large number in the first bin.  The superimposed membrane potentials for individual trials 
(upper right) are shown with average membrane potential (dashed line) and the rasterplot of 
spike output times (lower right).   
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Figure 5-8.  Aligning first spike more effective at increasing reliability than aligning a 
middle spike, or stretching the input spike pattern. 
Experiments were done with input patterns to determine impact on output reliability for grating 
stimuli.  (A) The impact of manipulating the input spike trains on the output reliability: 1) First 
spike aligned (Figure 5-7) to 50 msec;  2) Aligned middle spikes to 100 msec and 3) unchanged 
spike patterns (same as Figure 5- 4).  Only the single-source/varying input condition made a 
significant difference, with the first spike aligned trials producing a significantly higher maximal 
output reliability compared to the original inputs.  Bar height is average output reliability for SM in 
range of 40 – 100 synapses and error bars denote standard deviation across all trials for 5 sets of 
experiments. (B) Stretching the input patterns (the same number of spikes with the ISI doubled) 
did not enhance the maximal output reliability for any case.  Icons denote the type of input used in 
each case. 
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Figure 5-9.  Grouping size can affect the output reliability.   
(A) For a synchrony magnitude of 20 synapses, whole-field flash stimuli inputs exhibited higher 
output reliabilities than for grating stimuli, with an optimal grouping size of 10 synapses per 
source.  Grating stimuli for synchrony magnitude of 20 did not show significant differences 
between synapse grouping sizes.  (B-D) With synchrony magnitudes of 30 synapses or greater, 
the output reliability was reduced for larger grouping sizes for varying inputs and grating stimuli. 
Bar heights represent average and error bars denote standard deviation of output reliability 
across 5 sets of 30 trials per set. A remainder group of synapses is added when group size (i.e., 
synapses per LGN source neuron) does not evenly divide into synchrony magnitude (e.g, group 
size 20, SM 50, remainder 10).  Also, group size 100 implies a single group of synapses 
(equivalent to single source case).  
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Figure 5-10.  Impact of joint covariation of jitter and synapse grouping size on output 
reliability. 
The color scale of the 3D contour plots shows reliability as a function of jitter and synaptic source 
grouping size.  Higher reliabilities are red and lower reliabilities are blue.  Group size is as 
described in Figure 5-9.  Jitter is standard deviation in msec around nominal time of each input 
spike (from LGN recordings) to each synapse. (A) For whole-field flash stimuli, with synchrony 
magnitudes of 30 and 40 synapses, jitter had a greater influence on output reliability than the 
number of synapses per source. (B)  For grating stimuli and varying inputs over trials, the number 
of synapses per source was more important than jitter in affecting the reliability.  For synchrony 
magnitude 30 synapses with varying inputs, a small amount of 1 msec jitter slightly improved the 
output spike time reliability. 
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