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Estimation of Synaptic Conductances in Presence of Nonlinear Effects Caused by Subthreshold Ionic Currents
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Subthreshold fluctuations in neuronal membrane potential traces contain nonlinear components, and employing nonlinear models might improve the statistical inference. We propose a new strategy to estimate synaptic conductances, which has been tested using in silico data and applied to in vivo recordings. The model is constructed to capture the nonlinearities caused by subthreshold activated currents, and the estimation procedure can discern between excitatory and inhibitory conductances using only one membrane potential trace. More precisely, we perform second order approximations of biophysical models to capture the subthreshold nonlinearities, resulting in quadratic integrate-and-fire models, and apply approximate maximum likelihood estimation where we only suppose that conductances are stationary in a 50–100 ms time window. The results show an improvement compared to existent procedures for the models tested here.
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1. INTRODUCTION

Unveiling the information that a neuron receives from other neurons and distinguishing between excitatory and inhibitory inputs is an important task in neuroscience as it provides valuable information on local connectivity and brain operating conditions. From an experimental point of view, this is difficult due to the diversity of synaptic inputs and their unattainable conductances. Therefore, inverse methods are sought to retrieve the dynamics of mean synaptic conductances from measurements of the membrane potential of the neuron. Different statistical tools have been proposed to solve this problem in the literature, but they have individual drawbacks. First, it is desirable that such methods do not rely on repeated trials since it is difficult to assume exactly repeated synaptic input from trial to trial. Therefore, estimation of excitatory and inhibitory conductances from single time courses of the membrane potential is preferable. Second, estimation methods should be based on few assumptions in order to be applied in as general conditions as possible, and therefore, the underlying mathematical models have to be as nonspecific as possible. Finally, one has to take into account the presence of noise as well as potential nonlinearity in the experimental data.

As far as we know, no complete solutions to these constraints are yet available. On one hand, many existing methods require repeated trials of recordings of the membrane potential (see Monier et al., 2008 for a review). On the other hand, almost all methods in the literature are based on linear models (see e.g., Borg-Graham et al., 1998; Anderson et al., 2000; Wehr and Zador, 2003; Rudolph et al., 2004; Pospischil et al., 2009; Bédard et al., 2012; Berg and Ditlevsen, 2013; Kobayashi et al., 2016; Yasar et al., 2016). Noise has been taken into account through stochastic linear processes (Rudolph et al., 2004; Pospischil et al., 2009; Paninski et al., 2012; Berg and Ditlevsen, 2013, among others) or sophisticated filtering techniques (e.g., Lankarany et al., 2013; Closas, 2014; Ditlevsen and Samson, 2014; Lankarany et al., 2016), whereas some methods are restricted to deterministic models (e.g., Bédard et al., 2012; Vich and Guillamon, 2015).

It has been reported that linear models provide poor estimates in spiking regimes (Guillamon et al., 2006), so most of the above methods only apply to data from subthreshold activity. Linear models have provided good approximations of subthreshold neural activity (Jolivet et al., 2004; Kobayashi et al., 2009; Berg and Ditlevsen, 2013). However, if ionic currents inducing nonlinearities in the subthreshold regime are active (such as situations where resonant and amplifying currents coexist, see Rotstein, 2015, or in presence of the IT current, see Destexhe and Babloyantz, 1993), linear models can also lead to poor estimates in subthreshold regimes (Vich and Guillamon, 2015). Thus, taking a linear model as a generic model does not seem a valid strategy in all situations; even with some data treatment, such as filtering the observed trace, the transformed dynamics cannot always be assumed to follow a linear model. A new procedure to estimate conductances taking into account possible subthreshold activated currents was introduced in Vich and Guillamon (2015). It is based on a quadratization of a deterministic model, and significantly improves estimates when compared to those obtained by the common linear methods. However, the method does not incorporate noise and, moreover, it requires the use of voltage traces from two trials.

The obstacles discussed above motivated us to seek for estimation approaches using single-trial data and stochastic models incorporating nonlinear effects. The main goal of this paper is to estimate synaptic conductances based on a quadratization of a stochastic model. The approach is based on a combination of the methods from Berg and Ditlevsen (2013) and Vich and Guillamon (2015) in order to capture both subthreshold noise and nonlinearities in the experimental data. One method presented in Berg and Ditlevsen (2013), which we refer to as the OU method, since it is based on an Ornstein-Uhlenbeck process, is effective in dealing with noise using single trial voltage traces. Thus, we extend the OU method by adding a quadratic term to the underlying model; more specifically, by considering a stochastic version of the quadratic integrate-and-fire (QIF) model (see Latham et al., 2000 and Hansel and Mato, 2001). In Berg and Ditlevsen (2013) both maximum likelihood estimation and estimation of the membrane time constant via the autocorrelation function are proposed. Here we explore approximate maximum likelihood estimation, since the exact likelihood and autocorrelation function are not available for the QIF model. For voltage values close to the spiking threshold, the QIF model is a good candidate to approximate subthreshold dynamics of conductance-based models since it can reproduce the bifurcation structure of the biophysical models (see Ermentrout and Kopell, 1986), even in the presence of active nonlinear currents. In this regime, the linear methods can be inaccurate.

We apply the statistical model to estimate synaptic conductances from both simulated and experimental data. Simulated data are obtained from two different neuron models using prescribed synaptic inputs. Experimental data come from intracellular recordings in current-clamp mode of spinal motoneurons of red-eared turtles, and have been analyzed elsewhere (Berg et al., 2007; Jahn et al., 2011; Berg and Ditlevsen, 2013). Given a membrane potential trace, we fit the data to the reference QIF model and estimate the time course of the conductances by means of an approximated maximum likelihood procedure. In the case of simulated data, we compare the estimated conductances with the true ones to evaluate the performance of the procedure, as well as compare the method with two previously proposed methods, which only need a single voltage trace: the oversampling method (Bédard et al., 2012), based on a deterministic approach, and the OU method (Berg and Ditlevsen, 2013) mentioned above.

The paper is structured as follows: in Section 2, the estimation procedure, the neuron models used to generate the in silico data, and the experimental setup for the in vivo intracellular voltage traces are described. In Section 3, we show the results obtained when the estimation procedure is applied to both in silico and in vivo voltage traces. We also compare the estimates to those obtained by the OU and the oversampling methods based on single-trial recordings. We discuss the results in Section 4. We include three appendices devoted to the more technical details of the models and the procedure.

2. METHODS

In this Section we describe the new procedure to estimate the time course of the synaptic conductances. We also briefly describe the OU and the oversampling methods from the literature, with which we will later compare. We generate in silico voltage traces from computational neuron models using prescribed synaptic inputs generated from Ornstein-Uhlenbeck processes with sinusoidal drift, or use in vivo data of intracellular recordings of a spinal motoneuron subjected to rhythmic synaptic bombardments from the surrounding network. Finally, we explain how to embed a given biophysical model or an experimental data trace into the QIF model.

2.1. New Estimation Procedure: QIF Method

To capture nonlinearities in the subthreshold regime, we use the QIF model as a base model for the estimation procedure. It is given by a single equation for the membrane potential V(t),
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where C is the total capacitance, gE(t) and gI(t) are the time-varying excitation and inhibition conductances, VE and VI are their respective reversal potentials, η(t) is a zero mean noise process taking into account the random arrivals of synaptic input, and Iapp is the applied current imposed by the experimenter. Furthermore, specific to the quadratic model, IT is the largest input current at which the neuron does not spike in the absence of synaptic input, applied current and noise, VT denotes the corresponding voltage of the V − I curve at IT, and α = gL/(2ΔT), where gL is the leak conductance and ΔT is the spike slope factor at IT, which corresponds to the inverse of the curvature of the V − I curve at (IT, VT). In Section 2.4.3, we explain in detail how to obtain numerical values for IT and VT both from biophysical models and from data. See Fourcaud-Trocmé et al. (2003) for more details about the deterministic version of the model.

Suppose the membrane potential V is sampled at M time points t0, t1, …, tM with sampling step Δ = tj+1 − tj, such that vj is the j-th sampling point of V, over an interval of L ms. Hence, the sample is [image: image] and the aim is to estimate the time course of gE(t) and gI(t) from this sample. Below, we will consider subsamples of the data over time windows of length l ms, where l [image: image] L. Let m = [l/Δ] and M = [L/Δ]. For simplicity and without loss of generality, we assume that l and L are multiples of Δ, and m and M are even integers.

Rewrite Equation (1) as:
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where Wt is a Wiener process, σ scales the noise, and
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Notice that coefficients b and c are time dependent, whereas coefficient a is not. To estimate the constant a and the time course of b and c using only one voltage trace, we first use a sliding window of l ms to find an approximate maximum likelihood estimator (MLE) of a, b and c assuming these constant within each time window. Then, we use the average of the estimators of a from all time windows as the final estimate. This estimate of a is then used to estimate the time course of b and c, as explained below. The likelihood function is the product of the transition densities, but these are not known for this model. We therefore approximate the likelihood function using an Euler discretization, and then find the MLE of this approximate model.

We first discretize the diffusion process in Equation (2) as:
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where

[image: image]

with Vn = V(nΔ), gE,n = gE(nΔ), gI,n = gI(nΔ), and ξn+1 follows a Gaussian distribution with mean 0 and variance 1, for n = 0, …, M − 1. The constants C, gL, VE and VI are assumed known from prior experiments (Berg and Ditlevsen, 2013), Iapp is controlled by the experimenter, and IT and VT are determined from the V − I curve of the neuron, in a different set of experiments (see Section 2.4.3 for more details on how to obtain these parameters).

Assume we can obtain estimates [image: image] for n = 0, …, M − 1, where the hat indicates these are estimates and not the true values. This yields the estimation of the desired parameters, [image: image], and

[image: image]

where [image: image] and [image: image], for n = 0, …, M − 1.

The discretized process (4) is Gaussian with conditional mean [image: image] and variance σ2Δ (conditional on Vn). Assume the conductances are approximately stationary for a time window of l = mΔ ms, i.e., their means are approximately constant, which implies that also the parameters b and c are approximately constant in this window. Within this sample window, we compute the MLE of parameter θ from the discretized model (see Appendix B for more details). We distinguish two situations: (i) when θ = (a, b, c)T, i.e., both α and the conductances are unknown, in which case the MLE is given by Equation (10); and (ii) when θ = (b, c)T, i.e., only the conductances are unknown, in which case the MLE is given by Equation (11). By moving the sample window, we obtain a discretized sequence for [image: image], providing a discretized time course of [image: image], ĝE(t) and ĝI(t) through system (6). The estimation procedure is given in Algorithm 1.


Algorithm 1 QIF method. The proposed estimation procedure

[image: image]



Note that the conductances during the first and the last l/2 ms are not estimated since otherwise the sliding window would not have sufficient width.

2.2. OU Method

For the sake of completeness, in this subsection we briefly explain the OU method proposed in Berg and Ditlevsen (2013).

The OU method is based on a stochastic version of the Leaky Integrate-and-Fire model, modeling the subthreshold activity by an Ornstein-Uhlenbeck process. As above, this estimation procedure approximates the membrane potential to be stationary in a given time window. Then, using the MLE within each window (the exact MLE, no discretization is needed in this case), the excitatory and inhibitory conductances are inferred (See Berg and Ditlevsen, 2013 for more details).

The estimation of conductances by using the OU method has been done using the code from Berg (2013) and using the sample window that provides the best estimation results (100 ms for in silico data and 300 ms for in vivo data).

2.3. Oversampling Method

For the sake of completeness, in this subsection we briefly explain the oversampling method proposed in Bédard et al. (2012).

The oversampling method assumes that the dynamics of the membrane potential has no ionic currents and no noise. It is based on the model [image: image], where gα and gβ are called preconductances which depend linearly on the synaptic conductances. This differential equation is discretized such that the preconductances are represented with half the sampling frequency as that of V. Parameters gα and gβ are estimated and used to determine both excitatory and inhibitory conductances. Two thresholds, denoted κα and κβ, need to be defined to avoid possible singularities (See Bédard et al., 2012 for more details).

The estimation of conductances by using the oversampling method has been carried out using the code from Bédard et al. (2012). For the singularity points, the authors recommend that the two thresholds, κα and κβ, should be close to 0.1 when experimental data are analyzed (Bédard et al., 2012). For the in silico data, we estimated the conductances using various threshold values, and chose those values providing the best estimation results, also being κα = κβ ≈ 0.1.

2.4. Neuron Models

To generate membrane potential traces we use two different neuron models that contain nonlinear subthreshold activity: (a) the QIF model, (Latham et al., 2000; Hansel and Mato, 2001; Gerstner and Kistler, 2002; Fourcaud-Trocmé et al., 2003), and (b) a stellate neuron model (Rotstein et al., 2006). Note that the first model coincides with the model used in the estimation procedure, while the second model is employed to illustrate the robustness of the second order approximation to the nonlinearities. The stellate neuron model is endowed with a spiking mechanism generated by sodium and potassium, and two subthreshold currents, the persistent sodium (NaP) current and the h-current. In the two models, the membrane potential is given by the equation:

[image: image]

where f(t, V(t)) is a model specific function depending on the leakage current, IL(t), and possibly other ionic currents, V(t) denotes the membrane potential, C is the membrane capacitance, Isyn(t) is the synaptic current, Iapp is the applied current, assumed constant for simplicity, and η(t) is a white noise process, with zero mean and standard deviation σ, modeling the random arrivals of synaptic input.

The leakage current is modeled as IL(t) = gL(V(t) − VL). The synaptic current is split into the excitatory (IE(t)) and the inhibitory (II(t)) currents, which we model as IE(t) = gE(t)(V(t) − VE) and II(t) = gI(t)(V(t) − VI).

Common biophysical parameters in both models are set to C = 1 μF/cm2, [image: image], VL = −65mV, VE = 0mV, VI = −80mV and [image: image].

Next, we describe the main features of the two neuron models.

2.4.1. Stochastic Version of the Quadratic Integrate-and-Fire Model

As a base model for the estimation procedure described in Section 2.1, and in order to generate membrane potential traces using prescribed conductances, we consider the QIF model given by a single equation for the membrane potential in the form (7) with [image: image], see also Equation (1).

To generate voltage traces from the model, we set the parameters [image: image], VT = −74.27 mV, [image: image] and α = 0.0067 mS/cm2mV.

An example of a trajectory of this model, which we have used to estimate conductances, can be found in Figure 2C of Section 3.1.1.

2.4.2. Stellate Neuron Model

The last model is the medial entorhinal cortex stellate cell model taken from Rotstein et al. (2006). This model has four different currents: the sodium and the potassium currents, which build up the spiking mechanism, and the persistent sodium (NaP) current and the h-current, whose interaction induces subthreshold oscillations independently of the spiking mechanism. The membrane potential is given by Equation (7), with f(t, V(t)) = −IL(t) − Iion(t) and Iion(t) = INa(t) + IK(t) + INaP(t) + Ih(t). We note that the h-current has one fast and one slow component. See Appendix A for more details. The neuron parameters are set to VT = −58.7379 mV, [image: image], and [image: image]. This last value is chosen to be close to the largest current that with high probability do not cause spikes in the model for the given level of noise.

An example of a trajectory of this model, which we have used to estimate conductances, can be found in Figure 2C of Section 3.1.2.

2.4.3. Choice of Parameters

In the estimation procedure, we need to fix two parameters: the largest input current such that the neuron does not spike, IT, and the corresponding membrane potential, VT. These values are extracted through the V − I curve, and can be assumed to be known.

To determine the values of these parameters for the in silico data generated from the stellate neuron model, we use the V-I bifurcation diagram of the model obtained in the absence of noise and synaptic currents. For this model, there is a threshold value such that for lower values of the input current, the model does not spike, whereas for higher values it does. Parameter IT corresponds to this threshold value separating nonspiking and spiking regime. Parameter VT corresponds to the resting value of the membrane potential when the injected current is set to IT. We find [image: image] and VT = −73.499 mV.

For the in vivo data IT is chosen as the minimum input current that induces spikes by applying different injected currents to the neuron without synaptic inputs. Parameter VT is the corresponding value in the V − I curve obtained for the specific neuron (see Section 2.5 to see how to extract the V − I curve experimentally).

2.4.4. Synaptic Drive

We generate traces of conductances following Ornstein-Uhlenbeck processes with sinusoidal drifts, given as solutions to the stochastic differential equation:

[image: image]

where x denotes either the excitatory (gE) or the inhibitory (gI) conductance. In the simulations, we set τgE = 10ms, τgI = 5ms, [image: image], [image: image], [image: image], [image: image], [image: image], [image: image], and [image: image], unless otherwise stated. These values have been chosen such that amplitudes and frequencies are similar to the estimated traces in the experimental data from Berg and Ditlevsen (2013). The synaptic traces used to generate data from the stellate cell model, have been tripled in order to induce higher subthreshold activity.

The simulated traces of excitatory and inhibitory conductances used for the QIF model can be found in Figures 2A,B, while those used for the stellate model can be found in Figures 3A,B.

2.4.5. Numerical Methods

The stochastic differential equations, both for the synaptic drive and the neuron models, have been solved using the Euler-Maruyama method with a step size of Δ = 0.01ms. Then, data were subsampled every 5th observation to reduce discretization errors. We then get samples with time step 0.05 ms, which is similar to that of the experimental data. We smooth the obtained conductance traces with bandwidth of length lf. We choose the median filter for the smoothing step: for each point p: = (t, xn) of a signal x, we compute:

[image: image]

where mf = [lf/Δ]. We chose this filter since it is often used to clip spikes, but any filter can be used. Unless otherwise stated we set lf = 50 ms in the simulations.

2.5. Experimental Data

The experimental data are taken from a previous study, where traces of 25 s of the membrane potential of a motoneuron were measured during different current injections under the same mechanical stimulation (Petersen et al., 2014; Vestergaard and Berg, 2015). The trace analyzed in this paper is shown in Figure 5B of Section 3.2. Briefly, the experiments were performed in an integrated spinal cord-carapace preparation from an adult red-eared turtle (Trachemys scripta elegans). In the integrated preparation, the spinal cord remains in the spinal canal with the tactile sensory nerves from the carapace intact. The motor nerves are carefully transected to avoid muscle movements and dissected out for electroneurogram recordings. A scratch reflex was activated by mechanical somato-sensory stimulation of selected regions on the carapace, which induced motor network activity of ~20 s duration. Intracellular recordings in current-clamp mode were obtained from a motoneuron in segment D10. Data were sampled at 20 kHz, i.e., the time step between observations is Δ = 0.05 ms.

The determination of IT and VT is not exact, and these values might induce a bias in the estimated conductances, and in particular, could give rise to negative conductance estimates. Since conductance cannot be negative, the sign of gI and/or gE provides a means to verify the initial estimate of IT and VT.

In Figure 1, we depict the V − I relationship (red dots) obtained by injecting different levels of current into the neuron in absence of synaptic activity. We made a linear fit (gray line) and a square root fit (black line) of the V − I points. The square root fit is clearly chosen above the linear fit using either AIC or BIC criteria, since differences are both larger than 7 (ΔAIC = 9.2, ΔBIC = 8.1). This value is suggested in Burnham and Anderson (2002) as the critical value for the less plausible model to have considerably less support in the data compared with the better model.


[image: image]

FIGURE 1. V-I curve of the measured motoneuron. The red dots are the subthreshold V − I relations obtained by applying different current levels to the motoneuron. The black line shows the square root fit to these points, and the gray line depicts the linear fit.



The square root approximation (squared approximation as a function of V) is given by [image: image]. Since the last input current for which the neuron did not spike was −0.515 μA/cm2, we set [image: image], which corresponds to VT = −79.926 mV from the V − I curve. The remaining neuron parameters have been set to VL = −77 mV, VI = −79 mV, VE = 0 mV, [image: image], Iapp = -1.24 nA, and C = 1 μF/cm2; these values have been obtained from the actual data by using the code in Berg (2013).

3. RESULTS

In this section, we present the estimation results from simulated (in silico) and experimental (in vivo) data by using the estimation procedure given in Algorithm 1. The simulated data consist of membrane potential traces generated from each of the two neuron models: the QIF model and the stellate neuron model, described in Section 2. Note that the estimation procedure assumes that the data are generated from the QIF model, and thus, results from the other model show how robust the estimation procedure is to model misspecification. The experimental data are obtained from a motoneuron as described in Section 2.5. Finally, the results obtained from the stellate neuron model as well as from experimental recordings, are compared to both the oversampling method and the OU method.

3.1. Estimation Results from Simulated Data

3.1.1. Results for the QIF Model

Figure 2 shows the estimation results when the membrane potential is generated from the QIF model, setting α = 0.0067. This parameter was estimated to [image: image]. Panel A depicts the true (black curve) and the estimated (red curve) excitatory conductances, and panel B shows the true (black) and the estimated (red) inhibitory conductances. The true excitatory trace is well approximated by the estimated trace, whereas the estimation of the inhibitory conductances only captures the overall shape and level, and is much more noisy. This is because the membrane potential is close to the inhibitory reversal potential, whereas it is far from the excitatory reversal potential, and thus, the synaptic drive is higher for excitation. This was also shown in Berg and Ditlevsen (2013), where analytic expressions for approximations of the variance of the estimators were derived from the Fisher Information matrix. Panel C shows the true membrane potential (black curve) and the reconstructed voltage by using the estimated conductances (red curve). The actual voltage is well reproduced by the reconstructed one.


[image: image]

FIGURE 2. Estimation by the QIF method of the conductances from data generated from the QIF neuron model. (A) True (black) and estimated (red) excitatory conductances. (B) true (black) and estimated (red) inhibitory conductances. (C) simulated voltage using the true conductances (black) and the estimated conductances (red). The data have been obtained each dt = 0.05 ms and the MLE is applied with a l = 50 ms sliding window. The estimated conductances have been filtered by the median filter using a sample window of lf = 50 ms. The neuron parameters are given in Section 2.4.1, and the synaptic drive description is given in Section 2.4.4. Estimation has been performed using the QIF method in Algorithm 1. See Figure S1 in Supplementary Material for a plot of true vs. estimated conductances.



3.1.2. Results for the Stellate Neuron Model

Results for the stellate neuron model are depicted in Figure 3. Panels are as in Figure 2.


[image: image]

FIGURE 3. Estimation by the QIF method of conductances from data generated from the stellate cell model. (A) True (black) and estimated (red) excitatory conductances. (B) True (black) and estimated (red) inhibitory conductances. (C) Simulated voltage using the true conductances (black) and the estimated conductances (red). The data were generated each dt = 0.05 ms and the MLE sample window was l = 100 ms. The estimated conductances have been filtered by the median filter using a sample window of lf = 50 ms. The neuron parameters are given in Section 2.4.2, and the synaptic drive description is given in Section 2.4.4; additionally, for this model, we have tripled the conductance traces obtained from (8) in order to induce higher subthreshold activity. Estimation has been performed using the QIF method given in Algorithm 1. See Figure S3 in Supplementary Material for a plot of when the sliding window is l = 50 ms.



The excitatory and inhibitory conductances are well approximated; however, as in the QIF model, the estimate of the excitatory conductance trace is more accurate. It can be appreciated how well the reconstructed voltages match the true voltages. The estimated value of α is 0.0100.

Surprisingly, the estimated conductances for this model are nearly as good as the original QIF model, and show robustness of the method. It also indicates that a quadratic approximation seems to be sufficient to capture the nonlinearities caused by the ionic currents in this more biophysically realistic model.

Note that, for this model, the specified conductances do not induce large fluctuations in the membrane potential, but even these small effects provide sufficient information to recover the overall structure of the conductances. If the excitatory conductance is increased relative to the inhibitory conductance, larger oscillations in the membrane potential are seen, comparable to the QIF model (results not shown). It is remarkable that even so small fluctuations in the membrane potential are sufficient to trace and separate the excitatory and inhibitory dynamics.

3.1.3. Effects of the Variability of the Quadratic Term, Sliding Window Size and Injected Current

During the estimation procedure described in Section 2.1, first a time varying estimate of α is obtained, then the average is used as the final estimate of the constant value of α. It might be of interest to study how α as either a time-varying or a constant parameter affects the estimates of the conductances. Figure 4 depicts the estimated time varying α over the observation interval for both computational neuron models. The variability is relatively small for the QIF model, and slightly larger for the stellate neuron model, probably because the membrane potential in this case is less oscillating, thus containing less information about the dynamics.


[image: image]

FIGURE 4. Time course of [image: image] using Algorithm 1. Estimated time varying α in the first step of Algorithm 1 for the different in silico models: QIF model in the top panel (black trace) and the stellate model in the bottom panel (blue trace).



The error of a given estimate is assessed by the mean squared error (MSE). The MSE of estimating x by y is defined as (x − y)2/M, where x and y are either excitatory or inhibitory conductances or the membrane potential, and M is the length of x.

To assess how the estimates are affected by imposing α constant, the MSEs obtained for the stellate model are given in Table 1 from (i) letting α be time varying; and (ii) forcing α to be constant. The errors of the estimated conductances are smaller when α is constant, in agreement with the QIF method. Moreover, imposing the second order term to be constant probably makes the estimates of the time varying conductances more robust and less noisy.


Table 1. Mean squared errors of the excitatory and inhibitory conductances with α constant or time varying.

[image: image]



During the estimation procedure described in Section 2.1 (Algorithm 1), some values need to be chosen: (i) the size of the sliding window, within which conductances are supposed to be stationary; and (ii) the applied current that is injected to prevent the cell from spiking.

When choosing the size of the sample window, there is a trade-off between the assumption about stationarity and accuracy: the window has to be small for the conductances to be approximately stationary but large enough for the MLE to produce low errors. In Table 2, errors of the conductances and the reconstructed membrane potential are quantified by MSE for different window sizes. Errors are computed for the QIF method applied to simulated data from the stellate cell model described in Section 2.4.2 with synaptic drive given in Section 2.4.4. The window size with smallest error is around 100 ms.


Table 2. Mean squared errors of the QIF method for different window sizes.

[image: image]



Finally, the estimation errors are also sensitive to the amount of applied current Iapp. Lower values of Iapp hyperpolarize the membrane potential away from the threshold, thus separating the neuron dynamics from the regime where the QIF method is more advantageous. In the simulations, the maximal applied current for which the neuron does not exhibit spikes in the presence of noise and synaptic currents was injected. To study the effect of lowering the applied current, the MSE for different values of Iapp injected into the stellate cell model is provided in Table 3. Moving the dynamics away from the threshold induces a loss of accuracy. However, a large negative current needs to be applied in order to see a large increase in MSE, and, even in those cases, the QIF method still performs better than the OU method. We repeated the simulations with different random seeds and results were qualitatively the same (see Supplementary Material, Table S2).


Table 3. Mean squared errors of the QIF and OU methods applied to the stellate cell model for different applied currents.

[image: image]



To evaluate the effect of possible measurement noise on the membrane potential, we repeated the analyses on the simulated data from the stellate model by adding independent normally distributed variables with mean 0. The QIF method seems robust in the presence of small levels of measurement noise. For a standard deviation of 0.1 mV, the MSEs increase 2–3 times on the conductances, whereas the MSEs increase slightly less for the OU method, but the QIF still performs better. However, for a large standard deviation of 0.5 mV, the QIF methods breaks down, while the OU method still performs well. Hence, if measurement noise is large compared to the nonlinear effects, the OU method is more robust and will perform better, whereas for a small measurement noise, the QIF method is recommended.

3.2. Estimation Results from Experimental Data

In Figure 5 we show the results obtained with the estimation procedure on experimental data described in Section 2.5. The magenta line shows the estimated inhibitory conductances whereas the blue line shows the estimated excitatory conductances. Contrary to the in silico data, we have no information on the true input conductances, and thus, they can not be compared.


[image: image]

FIGURE 5. Estimation by the QIF method of conductances from experimental data and reconstruction of the membrane potential. (A) Estimated excitatory (blue) and inhibitory (magenta) conductances from the membrane potential obtained from in vivo experiment. The QIF method has been applied using a sliding window of l = 100 ms. (B) The recorded membrane potential (black line) and reconstructed membrane potential obtained by using the estimated values of conductance traces and the estimated α parameter (gray line). (C) The reconstructed vs. the true voltage. Estimation has been performed using the QIF method in Algorithm 1.



As shown in Figure 5A, both conductance traces follow the shape of the membrane potential, suggesting that the network generates the motor activity by balanced inhibition and excitation. Moreover, the QIF method provided an estimated value of the quadratic coefficient of α ≈ 0.1094. The reconstructed membrane potential dynamics using the QIF model with the estimated conductances as synaptic input is shown in Figure 5B, and shows good agreement with the true voltage trace, though it is slightly underestimated as can be appreciated in the scatter plot of Figure 5C. In this case, the MSE obtained is 3.04. We have also reconstructed the membrane potential using the OU method obtaining a MSE of 9.62.

3.3. Comparison with Other Procedures

In this section we compare the QIF method with other existing procedures that estimate conductances from a single trace, namely the OU method and the oversampling method, described in Sections 2.2 and 2.3. The estimation is conducted using the codes of these procedures published by the authors (Bédard et al., 2012; Berg, 2013). We first tested both codes on the linear neuronal models that the methods assume, using the prescribed conductances given in Section 2.4.4, and found similar results as the original papers.

Comparisons between the three different estimation procedures have been performed on the stellate cell model.

3.3.1. Comparisons between the QIF, OU and Oversampling Methods for In silico Data Generated from the Stellate Model.

In Figure 6 the results obtained with the QIF method are compared to the OU and the oversampling method, using simulated data from the stellate cell model described in Section 2.4.2.


[image: image]

FIGURE 6. Comparison between single-trial estimation procedures; QIF, OU and oversampling method on data generated from the stellate model. Prescribed and estimated synaptic input generated from Equation (8). (A) Excitatory conductance. (B) Inhibitory conductance. The sample window used in the QIF and the OU methods is l = 100 ms. In the oversampling method, parameter values are κα = κβ = 0.1. For the QIF method, the estimated conductances have been filtered by the median filter using a sample window of lf = 50 ms.



The time courses of the true conductances are depicted together with the estimates from the three methods. Both the QIF and the OU show acceptable fits. The QIF method provides a slight improvement on the estimated excitatory conductance compared to the OU method, whereas the inhibitory conductance is considerable better estimated with the QIF compared to the OU method. The oversampling method fails and should not be used for this type of data.

To quantify and compare the errors of the different estimation procedures, the MSEs and bias are shown in Table 4. The MSE for the QIF method is smaller than those obtained using either the OU method (by one order of magnitude) and the oversampling method (by two orders of magnitude). The MSE is smaller for the QIF method compared to the OU method mainly due to decreased variance, whereas the bias is comparable. For this example, the QIF has lower bias, but for other examples of Hodgkin-Huxley type models the bias is slightly smaller for the OU method (see Supplementary Material). The difference between the QIF and the OU MSEs is consistent throughout the different applied currents (see Table 3).


Table 4. Mean squared errors and bias of the different estimation procedures.
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3.3.2. Comparison of the Methods on Experimental Data

Finally, we apply the three methods on the experimental data described in Section 2.5. Results are depicted in Figure 7. The results obtained using the three different methods for the experimental data are very different. Only the excitatory conductances estimated with the OU and the QIF method seem to follow a similar pattern, even though there is a vertical shift between the two. The oversampling method presents a similar pattern as the ones obtained in Bédard et al. (2012, Figure 2), where they present results previous to suppressing singular points. In Figure 7, we show the best results we have obtained varying κα and κβ even after this suppression. Therefore, it seems that this method is not able to provide plausible estimates from these data.
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FIGURE 7. Estimated conductances from experimental data using the QIF, OU, and oversampling methods. Estimated conductances from the in vivo data described in Section 2.5, for the QIF method (red curves), the OU method (green curves) and the oversampling method (blue curves). The time window is l = 50 ms for the QIF method and l = 300 ms for the OU method. In the oversampling method, values are κα = κβ = 0.1. For the QIF method, the estimated conductances have been filtered by the median filter using a sample window of lf = 50 ms. (A) Excitatory conductances. (B) Inhibitory conductances.



Both the oversampling and the OU method assume a linear behavior of the subthreshold activity. However, the V − I curve obtained from the experimental recordings (Figure 1) is better fitted by a square root regression than a linear one, thus revealing the existence of nonlinear subthreshold activity. Thus, we believe that the results obtained with the QIF method are closer to the real conductances than the other methods, which was also the case for the in silico data.

4. DISCUSSION

In this paper we propose a new method to estimate synaptic conductances from voltage traces in the subthreshold regime, based on a combination of methods proposed in Berg and Ditlevsen (2013) and Vich and Guillamon (2015). We have shown that the method overcomes some of the drawbacks of existing methods pointed out in the Introduction. The method only uses a single-trial voltage trace, thus avoiding the requirement that synaptic conductances are identical across trials. Furthermore, since it is based on a quadratic model with stochastic terms, it is able to account for the nonlinearities in the subthreshold regime while it incorporates noise.

When the membrane potential is far below the threshold, we sometimes obtain negative estimates with the QIF method for the inhibitory conductances (Figures 5A, 7B), which is not as pronounced for the OU method. This suggests to combine linear and quadratic methods when the membrane potential is hyperpolarized. However, in excitability conditions, the method improves both the OU method (Berg and Ditlevsen, 2013), and the oversampling method (Bédard et al., 2012). In particular, we have tested it on intracellular recordings in current-clamp mode of spinal motoneurons, and the results show reasonable estimates of rhythmic activity of both excitatory and inhibitory drive. Interestingly, for this specific case, we do not observe any push-pull arrangement that signals a balanced input, which could still be possible at a population level.

For the in silico data, where prescribed conductances have been injected into the cells, both the excitatory and the inhibitory conductances are well estimated. We tested the method on data generated from the QIF model, as well as from the stellate model, which is a more biophysical realistic model and shows the robustness of the method to model misspecifications. In the Supplementary Material we furthermore show computations with a modified pyramidal cell model, which confirms the validity of the results. Moreover, the QIF method exhibits a significant improvement with respect to the other two methods tested in this paper, mostly compared to the oversampling method, thus underpinning the necessity of nonlinear strategies to estimate conductances also in the subthreshold regime, and showing improved results when quadratic terms are considered in the estimation procedure. The significant improvement compared to the oversampling procedure could be explained by the fact that the oversampling method does not consider neither ionic currents nor noise. It is worth mentioning as well that the QIF method has been successfully applied to a realistic neuron model having different subthreshold-activated currents, thus validating the QIF model as a reference model for subthreshold activity in this problem.

For the in vivo recordings, we see first that the V − I curve provided by the data is better fitted by a quadratic function than by a linear one, providing experimental evidence of the suitability of the quadratic approximation. Even though actual conductances are unknown, we have seen that the pattern estimated with the stochastic quadratization is more coherent that those obtained with the other linear procedures, at least if we expect the conductances to follow dynamics similar to the membrane potential. Moreover, the oversampling method has not been able to extract the conductances from these data, again probably a consequence of both the noise and the nonlinearities.

In summary, we propose a novel reliable strategy to infer synaptic activity received by a cell in the subthreshold regime. Apart from the constraint of the activity being in the subthreshold regime, not too far from the threshold, the method is robust enough to be applied to neurons whose V-I curve follows a quadratic shape. The next challenge is to test it on other electrophysiological data from different brain areas and animals, as well as comparing with already existing conductance traces obtained in the literature by means of linear estimation methods. On the other hand, the Exponential Integrate-and Fire (EIF) model and other IF extended models (see for instance; Fourcaud-Trocmé et al., 2003; Brette and Gerstner, 2005) are able to capture a wide repertoire of dynamics exhibited by conductance-based models. However, in this paper we treat only the subthreshold regime, and the QIF model captures the basic dynamics of conductance-based models. Further adaptations to more comprehensive IF models might improve estimates in a broader range of dynamic regimes. These extensions constitute an interesting challenging research direction to pursue.

ETHICS STATEMENT

This study was carried out in accordance with the recommendations of the surgical procedures complied with Danish legislation. The protocol was approved by the controlling body under the Ministry of Justice.

AUTHOR CONTRIBUTIONS

All authors conceptualized the research. RB designed and performed experiments. CV performed the analysis and prepared figures. All authors interpreted the results. CV, SD, and AG wrote the paper. All authors approved the final version of the paper.

ACKNOWLEDGMENTS

CV is supported by a MCYT/FEDER grant number MTM2014-54275-P and a grant from the Obra Social la Caixa. AG is supported by the Government of Catalonia under grant 2014-SGR–504. Both CV and AG are also supported by the Spanish Ministry of Economy and Competitiveness/FEDER through project MTM2015-71509-C2-2-R. RB is supported by the Danish Council for Independent Research Medical Sciences. The work is part of the Dynamical Systems Interdisciplinary Network, University of Copenhagen. A major part of the work was carried out while CV visited Department of Mathematical Sciences at University of Copenhagen.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: http://journal.frontiersin.org/article/10.3389/fncom.2017.00069/full#supplementary-material

REFERENCES

 Anderson, J. S., Carandini, M., and Ferster, D. (2000). Orientation tuning of input conductance, excitation, and inhibition in cat primary visual cortex. J. Neurophys. 84, 909–926.

 Bédard, C., Béhuret, S., Deleuze, C., Bal, T., and Destexhe, A. (2012). Oversampling method to extract excitatory and inhibitory conductances from single-trial membrane potential recordings. J. Neurosci. Methods 210, 3–14. doi: 10.1016/j.jneumeth.2011.09.010

 Berg, R. W. (2013). Available online at: www.mathworks.com/matlabcentral/fileexchange/41774-synapticconductance

 Berg, R. W., Alaburda, A., and Hounsgaard, J. (2007). Balanced inhibition and excitation drive spike activity in spinal half-centers. Science 315, 390–393. doi: 10.1126/science.1134960

 Berg, R. W., and Ditlevsen, S. (2013). Synaptic inhibition and excitation estimated via the time constant of membrane potential fluctuations. J. Neurophysiol. 110, 1021–1034. doi: 10.1152/jn.00006.2013

 Borg-Graham, L., Monier, C., and Frégnac, Y. (1998). Visual input evokes transient and strong shunting inhibition in visual cortical neurons. Nature 393, 369–373. doi: 10.1038/30735

 Brette, R., and Gerstner, W. (2005). Adaptive exponential integrate-and-fire model as an effective description of neuronal activity. J. Neurophysiol. 94, 3637–3642. doi: 10.1152/jn.00686.2005

 Burnham, K. P., and Anderson, D. R. (2002). Model Selection and Multimodel Inference: A Practical Information-Theoretic Approach. New York, NY: Springer.

 Closas, P. (2014). Sequential Estimation of Neural Models by Bayesian Filtering. Diploma thesis, FME-Univ. Politènica de Catalunya.

 Destexhe, A., and Babloyantz, A. (1993). A model of the inward current ih and its possible role in thalamocortical oscillations. Neuroreport 4, 223–226. doi: 10.1097/00001756-199302000-00028

 Ditlevsen, S., and Samson, A. (2014). Estimation in the partially observed stochastic morris-lecar neuronal model with particle filter and stochastic approximation methods. Ann. Appl. Stat. 8, 674–702. doi: 10.1214/14-AOAS729

 Ermentrout, G. B., and Kopell, N. (1986). Parabolic bursting in an excitable system coupled with a slow oscillation. SIAM J. Appl. Math. 46, 233–253. doi: 10.1137/0146017

 Fourcaud-Trocmé, N., Hansel, D., van Vreeswijk, C., and Brunel, N. (2003). How spike generation mechanisms determine the neuronal response to fluctuating inputs. J. Neurosci. 23, 11628–11640.

 Gerstner, W., and Kistler, W. (2002). Spiking Neuron Models. Cambridge: Cambridge University Press.

 Guillamon, A., McLaughlin, D. W., and Rinzel, J. (2006). Estimation of synaptic conductances. J. Physiol. 100, 31–42. doi: 10.1016/j.jphysparis.2006.09.010

 Hansel, D., and Mato, G. (2001). Existence and stability of persistent states in large neuronal networks. Phys. Rev. Lett. 86:4175. doi: 10.1103/PhysRevLett.86.4175

 Jahn, P., Berg, R. W., Hounsgaard, J., and Ditlevsen, S. (2011). Motoneuron membrane potentials follow a time inhomogeneous jump diffusion process. J. Comput. Neurosci. 31, 563–579. doi: 10.1007/s10827-011-0326-z

 Jolivet, R., Lewis, T. J., and Gerstner, W. (2004). Generalized integrate-and-fire models of neuronal activity approximate spike trains of a detailed model to a high degree of accuracy. J. Neurophysiol. 92, 959–976. doi: 10.1152/jn.00190.2004

 Kobayashi, R., Nishimaru, H., and Nishijo, H. (2016). Estimation of excitatory and inhibitory synaptic conductance variations in motoneurons during locomotor-like rhythmic activity. Neuroscience 335, 72–81. doi: 10.1016/j.neuroscience.2016.08.027

 Kobayashi, R., Tsubo, Y., and Shinomoto, S. (2009). Made-to-order spiking neuron model equipped with a multi-timescale adaptive threshold. Front. Comput. Neurosci. 3:9. doi: 10.3389/neuro.10.009.2009

 Lankarany, M., Heiss, J. E., Lampl, I., and Toyoizumi, T. (2016). Simultaneous bayesian estimation of excitatory and inhibitory synaptic conductances by exploiting multiple recorded trials. Front. Comput. Neurosci. 10:110. doi: 10.3389/fncom.2016.00110

 Lankarany, M., Zhu, W. P., Swamy, M. N. S., and Toyoizumi, T. (2013). Inferring trial-to-trial excitatory and inhibitory synaptic inputs from membrane potential using Gaussian mixture Kalman filtering. Front. Comput. Neurosci. 7:109. doi: 10.3389/fncom.2013.00109

 Latham, P. E., Richmond, B. J., Nelson, P. G., and Nirenberg, S. (2000). Intrinsic dynamics in neuronal networks. I. Theory. J. Neurophysiol. 83, 808–827.

 Monier, C., Fournier, J., and Fregnac, Y. (2008). In vitro and in vivo measures of evoked excitatory and inhibitory conductance dynamics in sensory cortices. J. Neurosci. Methods 169, 323–365. doi: 10.1016/j.jneumeth.2007.11.008

 Paninski, L., Vidne, M., DePasquale, B., and Ferreira, D. G. (2012). Inferring synaptic inputs given a noisy voltage trace via sequential monte carlo methods. J. Comput. Neurosci. 33, 1–19. doi: 10.1007/s10827-011-0371-7

 Petersen, P. C., Vestergaard, M., Jensen, K. H., and Berg, R. W. (2014). Premotor spinal network with balanced excitation and inhibition during motor patterns has high resilience to structural division. J. Neurosci. 34, 2774–2784. doi: 10.1523/JNEUROSCI.3349-13.2014

 Pospischil, M., Piwkowska, Z., Bal, T., and Destexhe, A. (2009). Extracting synaptic conductances from single membrane potential traces. Neuroscience 158, 545–552. doi: 10.1016/j.neuroscience.2008.10.033

 Rotstein, H. (2015). Subthreshold amplitude and phase resonance in models of quadratic type: Nonlinear effects generated by the interplay of resonant and amplifying currents. J. Comput. Neurosci. 38, 325–354. doi: 10.1007/s10827-014-0544-2

 Rotstein, H., Oppermann, T., White, J., and Kopell, N. (2006). The dynamic structure underlying subthreshold oscillatory activity and the onset of spikes in a model of medial entorhinal cortex stellate cells. J. Comput. Neurosci. 21, 271–292. doi: 10.1007/s10827-006-8096-8

 Rudolph, M., Piwkowska, Z., Badoual, M., Bal, T., and Destexhe, A. (2004). A method to estimate synaptic conductances from membrane potential fluctuations. J. Neurophysiol. 91, 2884–2896. doi: 10.1152/jn.01223.2003

 Vestergaard, M., and Berg, R. W. (2015). Divisive gain modulation of motoneurons by inhibition optimizes muscular control. J. Neurosci. 35, 3711–3723. doi: 10.1523/JNEUROSCI.3899-14.2015

 Vich, C., and Guillamon, A. (2015). Dissecting estimation of conductances in subthreshold regimes. J. Comput. Neurosci. 39, 271–287. doi: 10.1007/s10827-015-0576-2

 Wehr, M., and Zador, A. M. (2003). Balanced inhibition underlies tuning and sharpens spike timing in auditory cortex. Nature 426, 442–446. doi: 10.1038/nature02116

 Yasar, T. B., Wright, N. C., and Wessel, R. (2016). Inferring presynaptic population spiking from single-trial membrane potential recordings. J. Neurosci. Methods 259, 13–21. doi: 10.1016/j.jneumeth.2015.11.019

Conflict of Interest Statement: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Copyright © 2017 Vich, Berg, Guillamon and Ditlevsen. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) or licensor are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.

OPS/images/inline_4.gif





OPS/images/inline_3.gif
&

&





OPS/images/inline_6.gif
V, + @Vy +B, e A





OPS/images/inline_5.gif





OPS/images/inline_27.gif
g; =0.026 mS/cm®





OPS/images/inline_26.gif
0.515 pd fem?





OPS/images/inline_29.gif





OPS/images/inline_28.gif
&=0.0077





OPS/images/cover.jpg
, frontiers

in Computational Neuroscience

Estimation of Synaptic
Conductances in Presence of
Nonlinear Effects Caused by
Subthreshold Ionic Currents







OPS/images/inline_24.gif
a, = 0.00065mS (cm®/ms)

o






OPS/images/inline_23.gif
@, = 000064 mS/ (em*~Jms)

e






OPS/images/inline_25.gif
00095772 +0.220 +11






OPS/images/logo.jpg
, frontiers
in Computational Neuroscience





OPS/images/inline_20.gif
4y, =0.0321mS/ em’





OPS/images/inline_2.gif
b, ens






OPS/images/inline_22.gif





OPS/images/inline_21.gif
4y, =0.0867mS/ em®





OPS/images/inline_17.gif
146 pAfem®





OPS/images/inline_19.gif
g5, =0.14mS/ com®





OPS/images/inline_18.gif
g5, = 0.1mS/cm?®





OPS/images/inline_14.gif
=-87udf em?





OPS/images/inline_13.gif
1.359 pAfem®





OPS/images/inline_16.gif
=-16.9 gAicm®





OPS/images/inline_15.gif





OPS/images/fncom-11-00069-t005.jpg
. Setn =m/2. Whilen < M — m/2:
() use the subsequence {y)/ 272,
(@» by &)" from Equation (10).
(i) put@, = a,C.
(iii) setn=n + 1.
- Pute = gty 500
. Setn =m/2. Whilen < M —m/2:

, to estimate 6, =

(i) use the subsequence (v;

I, o estimate 6, =
(b, &1)" from Equation (11).
(i) use Equation (6) to find gr» and g1,n.
(iii) setn=n + 1.
. If smoother results are desired, then apply the median filter

given in Equation (9) below (or any other filter) to the
estimated conductance traces g, and g,






OPS/images/inline_30.gif





OPS/images/inline_10.gif
g; =0.1mS/cm?





OPS/images/inline_1.gif
),





OPS/images/inline_12.gif
FEVE) =aW @) -V -1





OPS/images/inline_11.gif
a=1/C mV/Jms





OPS/images/fncom-11-00069-t004.jpg
9e MSE 91 MSE 9k bias g bias

QIF method 208-10%  944.10%  344.10°2 598-1072

OU method 118:.1072  1.15.107'  -655-1072  261-107"
Oversampling ~ 9.79-107" 1.02 -1.71-102  —885-10""
method

Data have been generated from the modified stelate cell model describedin Section 2.4.2
with synaplic drive given in Section 2.4.4. The window size used i the QIF and the OU
methods is | = 100 ms. The estimated conductances have been fitered by the median
fiter using a sample window of ; = 50 ms. In the oversampling method, parameter values
are k, = xp = 0.1. For the QIF method, the MSE are given for excitatory conduotances
(second column) and inhibitory conductances (thid column). Bias is given for excitatory
conductances (third column) and inhibitory conductances (fourth column).






OPS/images/fncom-11-00069-t003.jpg
Lapp (A/cm?) QIF method OU method

9 9 9 9

-16.9 203-10°%  944.10%  1.13.102  1.15.107"
-179 178-10% 1241072 1.29.1072  128.107"
-19.9 123-10% 1011072 191.102  1.01.107"
-289 799-10%  221.1072  521.102  123.107"

Data have been generated from the stellate cell model described in Section 2.4.2 with
synaptic drive given in Section 2.4.4. The window size used in both methods is | = 100
ms. The estimated conductances have been fitered by the medan fiter using a sample
window of ; = 50 ms. The MSEs are given for excitatory conductances, g, and inhibitory
conductances, g





OPS/images/math_9.gif
=

x) O

median
e 2 S, 2





OPS/images/crossmark.jpg
©

2

i

|





OPS/images/fncom-11-00069-g005.gif





OPS/images/fncom-11-00069-g006.gif





OPS/images/fncom-11-00069-g003.gif





OPS/images/inline_9.gif
V=g 0V +g, 0





OPS/images/fncom-11-00069-g004.gif
L T T v

M&wwv\»www \M‘W‘M w.' k\,,m, i

o5 [ s ¥
e (5)






OPS/images/fncom-11-00069-t002.jpg
Sample window (ms) 3 a v

2.12.1072 159101 2541071
4011073 2961072 2.14.10-1
2.40-1073 1.46-1072 1.15-107"
192.10°% 9.69-10°3 1081071
2.03-1073 9.44.107% 7.34:1072
2.14.1073 9.46.103 6.71.1072
200 2.19.1073 954.107% 9.54-1072

Data have been generated from the stellate cell model described in Section 2.4.2 with
synaptic dfive given in Section 2.4.4. The estimated conductances have been fitered by
the median fiter using the same window size as the estimation procedure. The MSES
are given for excitatory conductances (frst column), inhibitory conductances (second
column), and the membrane potential (third column). Similar effects are observed for the
OU method, but with higher MSE, see Table 3.





OPS/images/fncom-11-00069-g007.gif





OPS/images/fncom-11-00069-t001.jpg
Algorithm % a

QIF method with « constant 2031078 9.44:1073
QIF method with « time varying 2.38-1073 1.27.10-2

Data have been generated from the stelate neuron model described in Section 2.4.2 with
synaptic diive given in Section 2.4.4. The window size used in both cases is | = 100 ms.
The estimated conductances have been fitered by the median fiter using a sample
window of = 50 ms. The MSESs are given for excitatory and inhibitory conductances
letting « be time varying or constant.






OPS/images/math_6.gif





OPS/images/math_5.gif
200 ~gra T En):

&)
(O + gpVs* 8l = I+ ),





OPS/images/math_8.gif
(o + t cos0m) = R)de + W, @)






OPS/images/math_7.gif
O - 16V -1y 10 D)





OPS/images/fncom-11-00069-g001.gif





OPS/images/math_2.gif
dV = (al? +bV +c)dt + cdWW,,  (2)





OPS/images/fncom-11-00069-g002.gif





OPS/images/math_1.gif
ce
dt

=@ Vo) - I = g (O ~75)

=g/ OW(E) -V + Igy + 700D,





OPS/images/math_4.gif
Voy =V, + (@l + B, +c)A+ oJRE,, (@)





OPS/images/math_3.gif
—2al -~ gs(6) ~ gD

(@ =Ly + gy O + 2,07+ 1)





OPS/images/inline_8.gif





OPS/images/inline_7.gif
)





