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ABSTRACT

Human mental abilities far exceed those of other organisms. The reason for this remains 

enigmatic. We hypothesized that at a fundamental level, the dynamics of information encoding 

and transmission between neocortical principal cells in the brain may be better optimized 

for high processing capacity. Here, we find in unitary synaptic connections between human 

neocortical pyramidal neurons that the synaptic machinery rapidly recovers during repeated 

activation. This enables fast and sustainable information transfer between neurons at gamma 

band frequencies. Furthermore, we find that human principal cells can collectively track fine 

temporal features conveyed in their inputs at a much wider bandwidth than reported for 

rodents. This enables reliable information encoding into spike trains. Thereby, information 

processing and transfer can occur at high rates in human neocortical circuits.
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RESULTS AND DISCUSSION

What underlies the cognitive capacity of the human brain is one of the most ancestral and 

exciting questions in neuroscience and evolution (Varki et al., 2008; Mekel-Bobrov at al., 2006). 

Many proposals exist to account for our superior mental abilities compared to other species. 

Among these are an increased brain size, larger and more complex neocortical areas (Rakic 

2009), neocortical thickening and increased neural activation (Choi et al., 2008). Cognitive 

functions rely on appropriate relay and filtering of sensory information and on efficient 

communication between brain areas. Ultimately, neuronal firing and synaptic transmission 

between neurons form the building blocks for coding, processing, and storage of information 

in the brain (Salinas & Sejnowski 2001). In particular, synapses represent the most fundamental 

computational unit of the nervous system (Shepherd, 2003; Fuhrmann et al., 2002; Abbott & 

Regehr 2004). Recently, increased complexity of synaptic protein networks was put forward 

as a potential correlate of mammalian cognitive ability (Ryan & Grant, 2009; Bayes et al., 2011). 

Given the vast number synapses present in the brain, which is in the order of a trillion per 

cubic centimeter (Drachman 2005), even a slight increase in efficacy of synaptic information 

processing would translate into a substantial elevation of the brain’s overall computational 

performance. Whether human synapses are more efficient in transferring information between 

neurons is not known and has never been tested directly. 

Here, we addressed this question and studied the properties of signal transfer at unitary 

synaptic connections between pyramidal neurons of human and murine neocortices. We then 

applied an information theoretic approach (Fuhrmann et al. 2004; Fuhrmann et al. 2002; Borst 

and Theunissen 1999) to assess synaptic transfer performance. We focused on the short-term 

dynamics of transmission, as synapses are not passive conveyers of information. Instead, they 

display prominent use-dependent plasticity, implying that dynamics has a significant role in 

information processing (Klug et al. 2012; Abbott and Regehr 2004). Following chemical signal 

transduction at a single synapse, postsynaptic signals appear as selectively filtered versions of 

the train of action potentials that the presynaptic neuron generates. Amplitudes of successive 

postsynaptic potentials are transiently and reversibly attenuated or amplified by the context 

of previous pre- and postsynaptic activation. Whether or not a postsynaptic neuron fires in 

response to an individual presynaptic action potential (AP), thus discriminating and signaling 

its occurrence, depends on the instantaneous AP frequency and on the short-term dynamical 

properties of each synapse (Abbott and Regehr 2004; Zucker and Regehr, 2002; Markram et al., 

1998; Tsodyks and Markram, 1997). In the neocortex of awake primates, neurons fire irregularly 

and the instantaneous frequency of each AP varies (Bhumbra and Dyball 2010; Destexhe, 

Rudolph, and Paré 2003; Softky and Koch 1993; Gerstein and Mandelbrot 1964; Tuckwell, Wan, 

and Rospars 2002). In synaptically connected pairs of pyramidal neurons in mouse neocortex 

(Fig. 1a), repeated firing of the presynaptic neuron resulted in a marked reduction of the 

resolution by which individual excitatory postsynaptic potentials (EPSPs) could be discerned. 

As a result, some presynaptic APs did not result in a measurable voltage change (Fig. 1c, inset). 

In strong contrast, in connected pairs of human cortical pyramidal neurons, each presynaptic 
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Fig. 1. Dynamical features of depressing synapses in the human neocortex. Reconstructed pair of cells in 
layer 2/3 of human temporal cortex. Cells were filled with biocytin (see methods) and eventually selected 
for digital reconstruction.(a). Experimentally recorded EPSPs generated by a presynaptic Poisson spike 
train at 50 Hz. The average (of 15 repetitions) membrane potentials for human (b) and rodent (c) shows 
(inset) higher resolution for higher frequencies at the steady-state in (b). Individual evoked presynaptic 
APs are indicated as black dots (inset), whereas the corresponding postsynaptic responses are in red ▶
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AP lead to a corresponding EPSP (Fig. 1b, inset) during repeated firing, whose amplitude 

remained significantly large. This suggests that human and murine neocortical synapses may 

have different dynamical transduction properties and signal-to-noise ratio performances.

To test this, we studied short-term plasticity of unitary synaptic connections between human 

cortical pyramidal neurons. In the rodent brain, unitary connections between neocortical 

pyramidal neurons show frequency-dependent short-term synaptic depression in response to 

a sequence of APs(Tsodyks and Markram 1997; Testa-Silva et al. 2011). This implies that upon 

repeated presynaptic activation, subsequent EPSPs display prominent past-history dependence, 

as their amplitudes transiently depress. To quantify the short-term activity-dependence at 

human synapses, the amplitude change in response to 8 APs, with varying intervals (Fig. 1d, e) 

was studied (Tsodyks and Markram 1997). Synaptic depression depended on the frequency of 

presynaptic action potentials. At 10 Hz, a moderate decrease in EPSP amplitude was observed 

(depression to 0.8±0.2), which was stronger at 30 and 40 Hz (Fig. 1d,e, p<0.002, n=3).

Using a mathematical description of activity-dependent short-term synaptic plasticity 

(Tsodyks and Markram 1997; Loebel et al. 2009) to extract best-fit paramaters for each synaptic 

recording, we quantitatively compared murine and human synaptic properties (Fig. 1f, S1). Most 

synaptic parameters were similar between mouse and human synapses (Fig. S1). However, the 

model parameter that captures the time scale of recovery from synaptic depression showed 

a 3.8-fold difference between human and murine synapses (human: average = 144 ± 66 

ms, n = 27 pairs; murine: average = 547± 46 ms at P12 to 19; 511± 79 ms at P20 to 36; p<0.01), 

indicating that human synapses recovered almost four times faster from synaptic depression. 

Using these parameters to simulate irregular synaptic transmission with the exact same action 

potential sequence as in Fig. 1b and c, the reduction of synaptic resolution observed in the 

experiments was replicated (Fig. 1b,c). With a faster time constant of recovery (144 ms instead of 

500 ms), the simulated postsynaptic response resembled the human unitary synaptic response 

where resolution was maintained throughout the AP train (Fig. 1b).

Synapses with faster recovery from depression that are able to maintain a substantial 

resolution during trains of activity (Fig. 1b,c) may also have a larger dynamical range of detecting 

variations in firing rate. To investigate this, we tested whether fast recovering synapses show 

larger responses to abrupt changes in the frequency of presynaptic AP trains. We simulated 

1500 identical, independent excitatory synaptic afferents impinging on the same postsynaptic 

neuron, modeled as a passive membrane compartment (Abbott et al. 1997; Tsodyks, Pawelzik, 

and Markram 1998). These virtual synapses were then first activated asynchronously and 

subsequently step-changed in frequency. On the basis of the best-fit parameters identified 

from the experiments (Fig. 1), faster recovery from synaptic depression indeed conferred 

and blue, resolution in discriminating individual spikes from the EPSP is higher in the red trace. Traces in 
black are model generated, based on the Tsodyks-Markram model parameters extracted averaged over 
all recorded connections, numbers are displayed in table S2. Activity dependence of short-term synaptic 
depression (d). Normalized average EPSPs (3 pairs) generated in response to different frequencies (10 to 40 
Hz) (d, e). Time constant of recovery from synaptic depression as given by the Tsodyks-Markram model (f). 
Fast recovery in human synapses confer the high-bandwidth observed in the Poisson trains (b-c).

▶
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a higher dynamic range to synaptic transmission, as well as an increased sensitivity to small 

changes in presynaptic network regimes (Fig. 2a). As we swept through different intra- (Fig. 2a) 

and inter-burst frequencies (Fig. 2c), short-term dynamic properties differentially shaped the 

sensitivity of one neuron to its synaptic inputs. These results indicate that synapses that recover 

faster from depression, as we observed human neocortical synapses do, are equipped to detect 

minute variations in firing frequency much more reliably than synapses that slowly recover.

Repeated presynaptic activation during bursts of APs would generally depress murine EPSPs, 

leaving synapses temporarily unavailable for neurotransmission. The amplitude of human EPSPs 

would instead be still large enough to be resolved and affect substantially the postsynaptic 

membrane potential, so that synapses would still be functioning as communication channels. 

As synapses that recover fast from depression operate with a larger bandwidth during 

 

Fig. 2. Functional implications of fast recovery from synaptic depression. The amplitude of excitatory 
postsynaptic potentials was simulated according to the mathematical models introduced in Tsodyks 
& Markram (1997) (a,c) and in Fuhrmann et al. (2002) (b, d). In the left panels (a,c), we recreated in silico 
a sudden increase in the average presynaptic collective activity (i.e. from a mean firing rate of f

1
 to a rate 

of f
2
) on the postsynaptic membrane potential of a single model neuron. The model neuron received 1’500 

synaptic afferents, which independently relayed the presynaptic “burst”. Short-term synaptic plasticity is 
well known to produce high-pass filtering of the presynaptic rate of activation, resulting into a transient 
overshoot and a fast adaptation (see the inset). The postsynaptic effect of the burst was quantified by 
computing the maximal postsynaptic voltage – expressed in arbitrary voltage units - during the overshoot 
(a), as well as its baseline (c), for few combinations of f

1
 and f

2
. In the right panels (d,e) we calculate the 

information content in post synaptic responses (PSR) for a model of probabilistic synapses, as a function 
of the presynaptic firing rate. Information content in human PSRs is not only higher on its maximum, but it 
also peaks at a higher frequency and displays a higher dynamic range.
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repeated activation, one may hypothesize that this type of synapses would be able to relay 

more information, compared to synapses that slowly recover from depression. To test this, we 

numerically computed the mutual information transfer between the statistical distributions 

of postsynaptic membrane potentials and a train of corresponding presynaptic APs. We 

simulated 1500 presynaptic afferents targeting the same postsynaptic neuron, where each 

synapse contributed to the total average synaptic current. Using the formalism of information 

theory (Shannon and Weaver 1948) applied to depressing synapses (Fuhrmann et al., 2002), we 

calculated the mutual information transfer through a synapse (see methods). We quantified 

the information on the temporal structure of the preceding pattern of APs, contained in 

postsynaptic responses. On the basis of the best-fit parameters of short-term depressing 

synapses (Fig. 1), synapses that recover fast from depression conveyed about four times more 

information (Fig. 2d). The frequency of activity for optimal information transfer was higher 

in fast recovering synapses (9.1 Hz) compared with slowly recovering synapses (4.5 Hz). Fast 

recovering synapses were also able to maintain a higher information transfer rates at higher 

firing rates (Fig. 2e), and information transfer rate continued to increase at higher frequencies 

than for slowly recovering synapses. These findings suggest that human neocortical depressing 

synapses that show fast recovery from depression may relay more information than depressing 

neocortical synapses found in the mouse brain.

The above results suggest that individual human neocortical synapses can operate at 

high bandwidth and maintain high resolution during trains or bursts of activity. Adult human 

neocortical neurons receive thousands of excitatory synapses (Benavides-Piccione et al. 2012). 

When each of these synapses operates with high resolution at high bandwidth, the question arises 

whether human pyramidal neurons can actually use this high-resolution synaptic information to 

base the timing of its action potential firing on. To test whether human neurons can time action 

potential firing in relation to high frequency inputs, we modulated the membrane potential 

using sub-threshold sinusoidal currents with a range of frequencies in whole-cell recordings 

of human pyramidal neurons. Neurons were moderately depolarized close to firing threshold 

by injecting a noisy DC current to replicate in vivo-like activity (Fig. 3a-c) (Köndgen et al. 2008; 

McCormick et al. 1985; Destexhe, Rudolph, and Paré 2003; Rauch et al. 2003; Arsiero et al. 2007; 

Boucsein et al. 2009; Tchumatchenko et al. 2011) (see the Methods). The noisy DC currents 

by themselves elicited irregular discharge responses at moderate firing rates (13.3 ± 1.6 Hz, 

CV
ISI

 = 1.06 ± 0.02, n = 11 cells; not shown). Upon superposition of the sub-threshold-amplitude 

sinusoidal current, the timing of action potential firing became locked to a specific phase of 

the sinusoid (Fig. 3d-i), depending on the frequency of the sine wave. Rat neocortical pyramidal 

neurons have been shown to time action potential firing in relation to sinusoidal membrane 

potential fluctuations up to 200 Hz (Köndgen et al., 2008). Adult mouse neocortical neurons 

similarly were able to follow sub-threshold modulation frequencies up to 200 Hz (Köndgen 

et al. 2008). In contrast, in adult human pyramidal neurons action potential firing was phase-

locked to sine waves up to frequencies of 1000 Hz, without loss of the frequency modulation 

depth (M) (Fig. 3f,i,j,k). In mouse and rat pyramidal neurons, action potential firing was not 

phase-locked to sub-threshold sine waves with frequencies of 500 Hz, while spiking of human 
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neurons was significantly phase-locked to the sine wave at these frequencies (Fig. 3j). These 

results show that adult human neocortical pyramidal neurons can time action potential firing 

related to substantially higher frequencies than rodent pyramidal neurons. This may suggest 

that in human neocortex, high-resolution synaptic transmission may actually result in more 

precise spike-timing at high temporal resolution. 

Transfer of information between neurons through chemical synaptic transmission is 

elementary to brain function, and processes of short-term plasticity at these synapses encode 

information (Klug et al. 2012). Studies on rodent excitatory cortical synapses show that short-

term facilitation of synaptic strength may optimize information transfer in particular during 

spike bursts (Klyachko and Stevens 2006). Purely depressing synapses in the rodent brain, which 

show low-pass filtering properties, may be better suited to transmit information for single spikes 

rather than bursts (Klug et al., 2012). In contrast to these observations, we show here that purely 

depressing synapses can actually transfer substantial amounts of information during spike trains 

when recovery from depression is fast, as we found to exist in human depressing neocortical 

synapses. We find that information transfer at depressing synapses with fast recovery is optimal 

at alpha band frequencies (8-12 Hz), and information transfer rate increases well into the beta 

and gamma band frequency range, suggesting that these synapses can be involved in active 

cortical computation during cognition. This may unveil a fundamental difference with purely 

depressing synapses that slowly recover from depression in the mouse neocortex, which we 

find to have optimal frequencies of information transfer in the lower theta band range with no 

increase in information transfer rate at higher frequencies. These synapses may be better suited 

for a different range of cortical processes (Hasselmo and Eichenbaum 2005).

Postsynaptically, the outcome of short-term synaptic plasticity processes is translated 

into action potential firing to relay information (Rieke et al. 1999). The brain not only keeps 

track of the number of spikes occurring in large windows of time, but spike timing can have 

meaning down to millisecond precision (Nemenman et al. 2008). For instance, spike timing 

Figure 3: Dynamics of neuronal discharge in response to rapidly varying inputs. Irregular discharge 
responses were elicited in vitro by stationary Gaussian-distributed current stimulation, injected at 
the soma to mimic the impact of an in vivo–like continuous barrage of uncorrelated synaptic activity. 
In some experiments, weak-amplitude sinusoidal waveforms with different oscillatory frequency F (i.e. 
1 – 1000 Hz) were also injected, simultaneously to the random current fluctuations (a-c). Evoked spike 
times were normalized by the input oscillation period 1/F and represented by thick vertical marks (d-f), 
for the sake of illustration. These spike times were employed to estimate the instantaneous response 
discharge probability, upon calculation of the peristimulus time-histograms (PSTHs, g-i). PSTHs were 
examined for different input frequencies F and always found to contain a clear sinusoidal component, 
oscillating at the same corresponding frequency F. The sinusoidal component in each PSTH vanished as 
the interspike-intervals were shuffled randomly, providing a minimal level for statistical significance. The 
discharge probability was finally quantified in terms of baseline (r

0
), amplitude (r

1
), and phase shift ( ) 

of the oscillatory component with respect to the phase of the input sine, by best fitting a sinusoid with 
frequency F. Across all the experiments, the response discharge probability was summarized (j-k) by the 
modulation index (M = r

1 
/ r

0
) and by the phase ( ) plotted across a wide range of oscillation frequencies 

(F = 1–1000Hz). Unexpectedly, human neurons showed virtually no attenuation in relaying downstream 
fast-varying input temporal information. They also showed a prominent resonance in the range 100-
200Hz. When compared to an in vitro data set, earlier obtained from rat pyramidal cortical neurons under 
the very same condition (Köndgen et al., 2008), human neurons revealed unique response properties. ▶
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with a time resolution much smaller than the time scales of sensory and motor signals, even 

at sub-milliseconds, can encode significant amounts of visual information (Nemenman et al. 

2008). Neocortical pyramidal neurons time their action potential firing in relation to the timing 

of synaptic input (van Aerde et al. 2009; Mann et al. 2005). However, rodent pyramidal neurons 

fail to time their spiking based on sub-threshold membrane potential modulation above 200 

Hz, which may suggest that during ongoing synaptic membrane potential fluctuations rodent 

neurons do not regularly encode information with sub-millisecond precision. We find that 

human pyramidal neurons can regularly time action potential firing with sub-millisecond 

precision during ongoing fast membrane potential fluctuations. This suggests that human 

neocortical pyramidal neurons can operate at a substantially higher bandwidth and temporal 

resolution for information encoding than rodent neurons in response to high information 

content synaptic transmission they receive.

METHODS
Frequency-dependent short-term synaptic depression (STD)

The phenomenological model of Tsodyks & Markram (1997) was employed to quantitatively 

characterize use-dependent short-term depression of EPSPs amplitude, in response to arbitrary 

trains of presynaptic APs (Abbott et al. 1997; M. Tsodyks, Pawelzik, and Markram 1998). This 

description refers to the existence of generic resources for neurotransmission, without 

distinguishing between presynaptic (e.g., the ready-releasable pool of vesicles) and postsynaptic 

biophysical components (e.g., desensitization of AMPA receptors). The model is identified by 3 

numerical parameters: A – the absolute synaptic efficacy; U – the fraction of resources consumed 

by each APs;  – the time constant of recovery from exhaustion of available resources. The peak 

amplitude of the n-th postsynaptic response, indicated by E
n
, is given by E

n
 = (A U R

n
), where 

the dynamical variable R is the running value of the available resources. Indicating the times of 

successive APs, as t
1
, t

2
, ..., t

n-1
, ..., the model responses E

1
, E

2
, ...,E

n-1
, E

n
,... are obtainedy R

1
, R

2
, ..., 

R
n-1

, R
n
,... upon numerical iteration: Rn = 1 + [(1 - U)R

n - 1
] exp [- (t

n
 - t

n
-1)/ ]. The same numerical 

method was employed for both simulating model responses, as well as to search for parameters 

{A, U, } that optimally reproduce the experimental data after least-square fitting.

Novelty-detection in presynaptic firing rate by a population of synaptic afferents

A passive R-C circuit was mathematically defined to mimic temporal integration of postsynaptic 

responses in a point-neuron with membrane time-constant of 10 msec. Then, 1’500 identical 

synaptic afferents impinging on this neuron were activated, each by an independent realization of 

a Poisson point-process. The instantaneous frequency of this random process was step-changed 

from f
1
 to f

2
, after several seconds of simulation lifetime. Each individual model synapse relayed 

the occurrence of a presynaptic AP in a use-dependent manner, according to the Tsodyks-

Markram model described above. Without loosing any generality, simulated postsynaptic 

responses were expressed and plotted in arbitrary units, normalizing voltage responses to the 

product of the (unspecified) neuronal input resistance and maximal synaptic efficacy A.
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Quantifying temporal information transfer at a single synapse

As an alternative to the Tsodyks-Markram model, we considered its non-deterministic 

formulation, which combines the classical quantal model (Allen and Stevens 1994; Del Castillo 

and Katz 1954; Korn and Faber 1991; Korn et al. 1984; Stevens 1993) to use-dependent short-

term depression as in Fuhrmann et al. 2002. We considered N = 5 release sites (Loebel et al. 

2009; Neher and Sakaba 2008) and the average quantal content A/N, with A being the maximal 

synaptic efficacy of the deterministic Tsodyks-Markram model. The last choice implies that on 

the average of many repeated trials, the non-deterministic model responses quantitatively 

correspond to the predictions of the Tsodyks-Markram deterministic formulation. The 

coefficient of variation of the quantal content was set to 0.4, choosing its standard deviation as 

0.4 A/N. As opposed to classical models, the probability of release is non-stationary, and it is 

computed as the product between the fixed probability that a release site contains a vesicle (U) 

and the probability P
v
(t) that a vesicle is available at a given time t. In the lack of any presynaptic 

AP, P
v
(t) recovers exponentially to 1 with a recovery time-constant  while immediately after an 

AP this probability is decreased by a proportional amount, P (1-U)P. This model allows one to 

apply information theoretical methods (Borst and Theunissen 1999), extended to probabilistic 

synaptic transmission, quantifying mutual information between the set of postsynaptic 

responses to a train of presynaptic spikes, and the corresponding set of interspike intervals. 

The last are assumed to act as a source of (arbitrary) temporal information.

Several average presynaptic firing frequencies were considered (0.01 – 100 Hz). For each 

average frequency, a realization of a Poisson point-process was generated to simulate the time 

of occurrence of 10’000 presynaptic spikes fired at such an average frequency. The marginal 

probability density of the postsynaptic amplitudes was estimated, and the corresponding 

conditional probability density, given the instantaneous probability of release, derived under the 

same assumptions of Fuhrmann et al. (2002). Conditional entropies were computed according to 

the definition (Shannon and Weaver 1948), and mutual information computed as their difference. 
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Supplementary figure 1: Synaptic parameters as calculated using the Tsodyks-Markram model. 
Absolute synaptic efficacy, proportional to the amplitude of the first EPSP (a) Membrane time constant (b) 
Constant of inactivation of synaptic depression (c) Utilization of absolute synaptic efficacy, proportional 
to probability of vesicle release (d)
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