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We propose that to fully understand biological mechanisms underlying pathological brain activity with transitions (e.g., into and out of seizures), wide-bandwidth electrophysiological recordings are important. We demonstrate the importance of ultraslow potential shifts and infraslow oscillations for reliable tracking of synaptic physiology, within a neural mass model, from brain recordings that undergo pathological phase transitions. We use wide-bandwidth data (direct current (DC) to high-frequency activity), recorded using epidural and penetrating graphene micro-transistor arrays in a rodent model of acute seizures. Using this technological approach, we capture the dynamics of infraslow changes that contribute to seizure initiation (active pre-seizure DC shifts) and progression (passive DC shifts). By employing a continuous–discrete unscented Kalman filter, we track biological mechanisms from full-bandwidth data with and without active pre-seizure DC shifts during paroxysmal transitions. We then apply the same methodological approach for tracking the same parameters after application of high-pass-filtering >0.3Hz to both data sets. This approach reveals that ultraslow potential shifts play a fundamental role in the transition to seizure, and the use of high-pass-filtered data results in the loss of key information in regard to seizure onset and termination dynamics.
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INTRODUCTION

This article illustrates the importance of wide-bandwidth electrophysiological recordings, specifically the inclusion of ultraslow potential shifts and infraslow oscillations, for tracking the evolution of synaptic physiology during the paroxysmal transition into and out of seizure. We illustrate that removing (or ignoring) infraslow changes can have a significant effect on inferring neural generators from data, which in turn could influence designing an effective treatment strategy for neurological disorders such as epilepsy. In this study, we neither aim to explore or elucidate true causes of phase transitions from brain activity nor develop new methods to infer physiological parameters. Instead, we provide case examples of reconstructing synaptic parameters from real data to demonstrate the limitations of high-pass-filtered (>0.3 Hz) data sets to infer mechanisms underlying seizure transition.

Infraslow oscillations by definition refer to oscillations in the frequency ranges [0.01, 0.1] Hz in electrophysiological recordings. These slow waves were first captured by implanted electrodes in animal studies (Aladjalova, 1957). Biological generators causing these oscillations could be very complex (Watson, 2018). Proposed mechanisms include neuronal sources [e.g., slow after-hyperpolarisation resulting from dynamic changes in Ca2+and K+ conductance (Kandel and Spencer, 1961; Hotson and Prince, 1980; Jahnsen and Llinás, 1984; Traub et al., 1993)], activity of neurovascular coupling units and glial cells (e.g., induction of long-lasting hyperpolarising potentials due to changes in astrocyte buffering of extracellular K+) (Jefferys, 1995; Yamada et al., 1998; Kuga et al., 2011; Kaiser, 2020), and more widespread network dynamics (Steriade et al., 1993a,b; Drew et al., 2020). The mechanisms underlying infraslow oscillations have been explored in specific brain conditions, for example, sleep rhythms (Achermann et al., 1993; Ruskin et al., 1999; Lemieux et al., 2014; Van Putten et al., 2015), resting states (Damoiseaux et al., 2006; Van Someren et al., 2011), or epilepsy, where fast oscillations may be recruited/modulated by slow activity (De Goede and Van Putten, 2019; Hashimoto et al., 2020, 2021; Bonaccini Calia et al., 2021). In particular, ultraslow potential shifts and slow oscillations may provide valuable clinical information, which may be useful as a biomarker for detecting an epileptogenic zone (Ikeda et al., 2020; Lundstrom et al., 2021).

In addition to experimental studies, computational neuroscientists have established detailed biological, mean field, and phenomenological models to infer mechanistic insights into the underlying generators of infraslow brain signals. Selected examples of biological models include (i) reproducing ultraslow oscillations by short-term synaptic plasticity mechanisms due to the action of dopamine (Kobayashi et al., 2017); (ii) network models of cortical patches based on a model of single neurons for exploring the correlation between slow and fast neuronal activities (Lundqvist et al., 2013); (iii) elucidating the role of Ca2+ and K+ dynamics in generation of slow waves during resting states (Krishnan et al., 2018); and (IV) exploring the role of neurovascular coupling in production of slow activity in health (Wade et al., 2011; Kozachkov and Michmizos, 2017) or diseased brain states (Tuckwell and Miura, 1978; Kager et al., 2000; Schiff, 2011; Ullah et al., 2015). Mean field models and phenomenological models developed to explain large-scale brain activity [synchronized activity in a cortical column (Jansen and Rit, 1995)] have also been used to propose mechanisms underlying the generation of slow oscillations. These include (i) a model of thalamocortical interactions, which can generate slow waves important for sleep rhythms (Wilson et al., 2006); (ii) or considering slow regulatory mechanisms with mean field models that induce DC shifts in simulated brain activity (Liley and Walsh, 2013; Jirsa et al., 2014; Lundstrom, 2015; Jafarian et al., 2019a,b; Stefanovski et al., 2019).

The aim of this study is to introduce neither a fundamentally different way to infer a mechanism underlying slow oscillation generation (or its relations to fast oscillation) nor a new mathematical model (or estimation technique) that can emulate transitions into and out seizures with DC shifts. Instead, we aim to illustrate the importance of wide-bandwidth data for capturing the evolution of biological parameters that model critical transitions in brain dynamics. For this, we use a data set obtained from a mouse model of chemoconvulsant-induced seizures using state-of-the-art flexible graphene transistor arrays (Bonaccini Calia et al., 2021). This recording device captures ultraslow potential shifts to high-frequency oscillations from awake brain (Bonaccini Calia et al., 2021), free from movement artifacts. This makes it possible to conclude that recorded ultraslow potential shifts and oscillations result from neuronal dynamics. For the experiments in this study, we choose to model two electrographic traces that captured the transition to seizures either with or without a prominent pre-seizure DC shift. We also high-pass-filtered these data (at 0.3Hz) to emulate recordings that are conventionally available in clinical practices. We infer neural dynamics from these data sets using nonlinear unscented Kalman filter method (Sitz et al., 2002; Voss et al., 2004; Sarkka, 2007). We finally compare the ensuing estimate of synaptic physiology from each data sets and show that for the data where the DC shift is small, or removed with high-pass-filtering, the outcome of estimations is well correlated, whereas in data with a significant infraslow pre-seizure component, the estimated synaptic physiology is considerably different. These simulations in turn suggest that wide-bandwidth recordings are best suited to track changes in synaptic parameters from data that capture paroxysmal transitions.

In summary, in this study, we establish novel simulation platforms to demonstrate the necessity and importance of wide-bandwidth electrophysiological recordings (DC shifts and infraslow activity to fast oscillation) for tracking the evolution of synaptic physiology in a biologically informed model. We use an unscented Kalman filter method to track the dynamics of key synaptic physiology in a mesoscale model of brain activity using real animal brain activity (in vivo) with paroxysmal transitions that may or may not be accompanied with DC shifts. We show that high-pass-filtered versions of these brain recordings (which are conventionally available to clinicians) are not reliable for inferring biological parameters. Therefore, we demonstrate the necessity of DC shifts and infraslow activity in electrophysiological data for inferring intrinsic mechanisms related to the transition to seizure.



MATERIALS AND METHODS


Chemoconvulsant Animal Model of Seizures

Animal experiments in this study were conducted in accordance with the U.K. Animal (Scientific Procedures) Act 1986, with approval from Home Office (license PPL70-13691) and the local ethics committee at the Institute of Neurology, University College London. The data were recorded in a chemoconvulsant animal model of seizures (using 4-aminopyridine drug) from awake, unanaesthetised mice. Recently developed state-of-the-art graphene-based transistor arrays were implemented for wide-bandwidth electroencephalography recordings from the surface of cortex (epicortical grids of 4 × 4 which are placed over the somatosensory cortex), as well as laminar recordings through a cortical column, in the visual cortex (intracortical depth electrode with 14 recording sites) (see Bonaccini Calia et al. (2021) for further details).

Animals were group-housed (to acclimatize for at least 1 week before surgery) on a 12-h/12-h dark/light cycle, where food and water were given ad libitum. A surgery was performed to implant a head bar on the mouse skull to allow stable attachment of the animal to a Neurotar chamber for reliable (and effectively movement artifact free) data recordings both from epidural and intracortical columns with a sampling frequency of 9.6 kHz (Bonaccini Calia et al., 2021). Focal injection of 4-aminopyridine (4-AP) (50 mM; 350 nL into the somatosensory cortex region) was performed at a depth of  ~ 500 μm into the cortex using a 33-gauge needle (see Figure 1).


[image: Figure 1]
FIGURE 1. Schematic and examples of the animal recordings. In this experiment, seizures were induced by injection of 4-aminopyridine. Epicortical (using a grid of 4 × 4) and intracortical (14 laminar locations) neuronal recordings are performed using graphene solution-gated field-effect transistors (gSGFET) from the somatosensory cortex (SC) and visual cortex (VC), respectively. The right panel shows a 30-min trace of wideband intracortical (top) and its high-pass-filtered (0.3 Hz) (bottom plot) data that were recorded from the superficial layers of the cortex.


The epi-/intracortical electrodes capture the neuronal activity during the entire experiment. The spread of drug is locally restricted to the site of injection (Rossi et al., 2017). For the aim of this study, we use data from the superficial layers of the cortex located close to the injection site. The trace of the wide-bandwidth and high-pass-filtered data is shown in Figure 1. An interesting feature in these data is that some seizures are accompanied with DC shifts and some without DC shifts. Therefore, a key hypothesis for the data in this study is that there could be differences between biological generators of seizures that are accompanied with or without DC shifts.



Neural Mass Model

A neural mass model (NMM) describes the electrical activity of a cortical column (which is captured using electroencephalography techniques) through a low-dimensional biological informed dynamical systems (Wilson and Cowan, 1972; Jansen and Rit, 1995). Assumptions that contribute to driving NMM formulation are as follows: (i) synchronized firing of neurons in a cortical column induce observable electrical activity (Mountcastle, 1957; Hubel and Wiesel, 1963; Felleman and Van Essen, 1991), (ii) neurons within cortical columns can be clustered into few populations (because at each layer of the cortex, effectively one type of neurons resides), mean activity of each of which could be modeled independently, and (iii) the mean activity of different populations interacts and shape the mesoscale electroencephalogram recordings (this assumption is supported by the statistical mean field theory) (Cowan, 1969; Deco et al., 2008; Faugeras et al., 2009).

NMMs are minimally biologically informed dynamical systems that approximate interactions between (collective) activities of neurons in a cortical column with few neuronal populations. NMMs are low-dimensional, with few biological parameters (compared to networks of interconnected neurons) and can well recapitulate electrophysiological data (Jansen and Rit, 1995). Crucially, there are formal mathematical links between an interconnected network of single neurons and an NMM (Deco et al., 2008; Faugeras et al., 2009; Veltz and Faugeras, 2010; Faugeras and Inglis, 2015). Collective dynamics of neurons are well approximated by NMMs, while they retain biological realism. The low-dimensional representation of NMMs is well suited for either designing biologically motivated control systems to suppress seizures (Schiff, 2011) or understanding interactions between different brain regions in cognitive tasks (Friston et al., 2011, 2019; Schwartenbeck and Friston, 2016; Shaw et al., 2017; Jafarian et al., 2019c). Therefore, NMMs are suitable for a variety of translational neuroscience applications and can be implemented to study biologically motivated hypothesis regarding underlying generators of brain activity.

One could show (both theoretically and experimentally) that dynamics of a population of many neurons can be governed (or summarized) by static conversion of input mean synaptic activity to firing rates (average of action potentials) and firing rates to mean synaptic activity (scaled by anatomical connection strengths between populations or cortical layers), which is input to other populations (Wilson and Cowan, 1972; Freeman, 1975; Jansen and Rit, 1995).

Mathematically, synaptic potential (V) into firing rate conversion is modeled by a sigmoid transformation (σ(.)) as previously described (Wilson and Cowan, 1972).

[image: image]

In Equation (1), e0 is the maximum firing rate, ρ is the slope of the transformation, and Vth is the firing threshold (when input potentials reach half maximum firing rates).

The conversion of the firing rate to the mean postsynaptic membrane potential is modeled by a second-order low-pass filter with an impulse response [image: image] where t ≥ 0, A is a maximum postsynaptic potential (also known as synaptic gain), and T is a synaptic time constant (Freeman, 1975). Postsynaptic potential V that is generated by firing rate σ(.) can be calculated simply by convolving the input firing with synaptic kernels, V(t) = h ⊗ σ (the symbol ⊗ represent the convolution), which is equivalent to the following second-order differential Equation (note the second-order differential equation can be equivalently written in terms of two first-order systems)

[image: image]

The input–output relations that govern the dynamics of a neuronal population are largely similar among different NMMs, although the number of neural populations and their connections (scale factor to synaptic potentials) to each other can be varied between NMMs. In this study, we use an NMM that was developed by Jansen and Rit (1995) and is shown in Figure 2.


[image: Figure 2]
FIGURE 2. Neural mass model by Jansen and Rit (1995). This NMM has three populations of inhibitory, excitatory, and pyramidal cells, as shown in (A). The intrinsic connections between populations can be excitatory (black lines) or inhibitory (red lines). The membrane potential of pyramidal cells is considered as simulated EEG data. (B) Illustrates a conversion operator within a population. Each population in the NMM receives synaptic inputs from other populations (scaled by inter-regional connections (C.)). The inputs are then converted to the mean firing rate using sigmoid transformations (average of action potential of many neurons with thresholds Vth). The ensuing firing rate is then converted into postsynaptic potentials using second-order low-pass with kernel h (t) = tAT(−1) exp (tT(−1)) (where A is the maximum postsynaptic potential and T is the synaptic time constant). The postsynaptic potential is then scaled by intrinsic connectivity and drives other populations. The list of parameters in the model and their expected range are provided in Table 1. The equivalent mathematical equations is shown in (C).


This NMM explains the activity of a cortical column through interactions of three populations, namely, (i) excitatory spiny stellate cells (denoted by ex in model equations) situated in layer 4 of a typical cortical column, and they receive endogenous input from other regions; (ii) inhibitory cells (denoted by i in model equations) that are distributed across the columnar organization; and (iii) pyramidal cells (denoted by p in model equations) whose activity is predominantly captured by recording electrodes. The equation of the NMM associated with the structure in Figure 2 can be written as follows:

[image: image]

In Equation (3), the vector [image: image] represents the physiological states, either the synaptic activity of the populations (xp, xex, xi) or their first-order derivative ([image: image]). The fixed parameters in Equation (3) are synaptic parameters for each population [image: image], inter-region connections which are defined by scaling the universal constant C, and parameters of sigmoid transformations. The endogenous input to the model is ω, which can be a random, constant, or smooth function (see Table 1 for the range of variations for NMM parameters). The membrane potential of pyramidal cells is considered simulated electroencephalogram data. Hereinafter, we rewrite the NMM equation in the form of a general canonical dynamical systems as follows:

[image: image]

In Equation (4), [image: image] and represents the biological states, the right hand side of equation 3 is denoted by a nonlinear function [image: image], the vector n(t) is the endogenous fluctuations (which can be modeled as a constant number, smooth function, or noise), and θ is the set of constant parameters in the model (thereby their derivative is zero as written in the second line of the Equation (4).


Table 1. Parameters of the NMM and their variation range.

[image: Table 1]

The most obvious way to explore the origin of the oscillations in the brain using the NMM is forward simulation of different sets of parameters and initial conditions. For instance, in Jansen and Rit (1995), the model was simulated for different values of connections between populations (the universal connection constant C was varied from 68 to 675) and brain rhythms, such alpha and spike wave discharges, were replicated. The NMM is used to explore a path between normal and pathological activity in parameter space by changing the balance between maximum postsynaptic responses of excitatory and inhibitory connections (e.g., Wendling et al., 2002, 2005). Motivated by these studies and electrophysiological knowledge about the animal model of seizures in this study, we assume that an underlying cause for the transitions can be explained by changes of postsynaptic potentials of inhibitory populations (Ai).

Sophisticated mathematical analysis such as bifurcation can be performed to formally study the behavior of the NMM as some parameters (one or two) are changed (e.g., Grimbert and Faugeras, 2006; Spiegler et al., 2010; Touboul et al., 2011). Despite valuable information informed from bifurcation analysis, practically, it can only be applied to one of two parameters. In addition, this form of analysis can only be applied to a deterministic NMM (i.e., the input to the model is a constant). In other words, the interpretation of the bifurcation structure of random bifurcation is still in its infancy (e.g., Crauel and Flandoli, 1994, 1998; Callaway et al., 2017). However, it is possible to prove that the solution of the NMM is stationary for a constant set of parameters, with stationary noise as its input (Faugeras et al., 2009; Veltz and Faugeras, 2010, 2011; Faugeras and Inglis, 2015). In this study, we re-confirm these findings by simulating the global invariant measures of the NMM for different parameters to illustrate that only one type of activity can be viewed using an NMM with fixed parameters.

In this study, first, we estimate constant parameters of the model based on spectral features in a stationary segment of data using dynamic causal modeling (also known as variational Bayesian inversion of a nonlinear system under Laplace assumption) of spectral response (Friston et al., 2012; Jafarian et al., 2021). The assumption in dynamic causal modeling of cross-spectral response is that neural dynamics rest at a stable equilibrium and oscillations (finite deviation from baseline equilibrium) are induced due to random exogenous input (Lopes Da Silva et al., 1974; Friston et al., 2012). [See Friston et al. (2012) for details of procedures].

We used the ensuing identified model and tracked changes of postsynaptic potentials of the inhibitory population in an NMM using a continuous–discrete unscented Kalman filter (UKF) (Voss et al., 2004; Jafarian et al., 2019b) from data that exhibit transitions into and out of seizures. The UKF is a class derivative-free stochastic filter that can recursively estimate hidden states of partially observed nonlinear dynamical systems from real data. The UKF approximates posterior estimates of states using Gaussian distribution, which in turn makes this filter computationally efficient while accurate (Sitz et al., 2002; Voss et al., 2004; Sarkka, 2007).

The generative model for tracking the inhibitory gain in the NMM for a given data using the unscented Kalman filter (UKF) is as follows:

[image: image]

The first line of Equation (5) is similar to the general equation of the NMM. The second line expresses the dynamics of inhibitory gains, which is recovered from data using the UKF method. We consider additive uncertainty (with very small variations [image: image] to the equation of motions of θ(= Ai) to allow the UKF algorithm to adjust the values of the synaptic gains from the data (Schiff, 2011; Jafarian et al., 2019a). It should be noted that in the context of state estimations from data using any form of Kalman filter, the role of noise in hidden states is interpreted as uncertainty (Sitz et al., 2002; Voss et al., 2004). The left hand side of the third line of Equation (5) is discrete real data (sampled recordings), and the right hand side expresses how the solution of the generative model is linked to observational data (here, the membrane potential of pyramidal cells which is defined by the vector H = [0 0 1 0 −1 0 0]'), and e is the random effect which has a normal distribution.




RESULTS


Forward Simulation of NMM

We performed forward simulation of a noise-driven NMM akin to Jansen and Rit (1995) for different values for intrinsic connections (C = 68, 128, 135, 270, 675) and replicated alpha rhythms and spike wave discharge, as shown in Figure 3. NMM is simulated using a stochastic RK method as explained in Wilkie (2004). In Figure 3, we also show the global attractor of the NMM for alpha rhythm and spike wave activity. The shape of the global attractor illustrates the region in the model phase space that is almost certainly occupied by the noise-driven model in the limit. Because the phase space that is occupied by the global attractor is similar to its finite time simulations, one could assume that the noise-driven model for different fixed parameters could generate alpha and epileptic discharge without any transitions. Finding the global attractor can be seen as a complementary analysis to recent mathematical proof that the noise-driven NMM could generate stationary solutions with fixed parameters (Faugeras et al., 2009; Veltz and Faugeras, 2010, 2011). Here, we also provide a local bifurcation plot of the NMM, similar to Grimbert and Faugeras (2006), which can be used to study the system equilibrium properties as its input is altered. As mentioned, the conventional bifurcation analysis can be applied to deterministic systems and could reveal information relevant to the underlying mathematical features that support different sorts of activities. For instance, in the bifurcation plot in Figure 3, one could argue that limit cycle activity may be associated with epileptic activity.


[image: Figure 3]
FIGURE 3. Forward simulation of NMM. (A) Forward simulation of the noise-driven NMM for different connectivity constants as shown in each plot (fixed parameters among these simulations are given in Table 2). (B) Illustrates the power spectral response (PSD) of the simulated EEG data using the NMM in panel I, as well as three-dimensional phase space of the model based on finite time simulation (P, I, and E denote activity of pyramidal, inhibitory, and excitatory cells). (C) Shows a projected bifurcation plot (i.e., with respect to the output of the model) when input to the model is changed (connectivity constant 120). In addition, we plot the invariant measure of the model (projected into two dimensions of the excitatory and inhibitory cells) which illustrates that the solution of the NMM would not exhibit transitions. The bifurcation diagram was produced using MatCont software (KuznetSOv et al., 2019), and invariant measures were produced using GAIO code package (Fiedler, 2012).


To simulate transition into and out of seizures, we equipped the NMM with slow dynamics of postsynaptic gain of inhibitory populations, as shown in Figure 4. In this simulation, the inhibitory gain is regulated by input firing rates and also has a period of recovery time. This effectivity resembles alteration of synapse gain and plasticity (e.g., Jafarian et al., 2021). As can be seen in Figure 4, this slow–fast NMM can show transitions to and from seizures, as well as alterations in DC shifts as the plasticity of inhibitory populations is altered.


[image: Figure 4]
FIGURE 4. Simulation of a slow–fast neural mass model (A). The equation of the NMM is augmented with slow dynamics for the synaptic gain of the inhibitory population (B). The dynamics of inhibitory gain resemble changes of synaptic plasticity and are modeled by Ȧi = ϵ (−αAi + βσ (V) + n(t)), where the recovery time constant of the gain is denoted by α(Hz) and fast- to slow-state constant is denoted by β, noise at the slow scale is denoted by n(t), and time-scale separation parameter is ϵ. (In the absence of any firing rate input, the synaptic gain converges to a constant value with the rate of α). The slow equation of motion in this simulation is [image: image]. The simulated EEG trace shows transitions into and out of seizures, as well as DC shifts as the result of increasing synaptic plasticity at the seizure onset, which is decreasing toward the end of seizures. The termination of the second seizures displays post-ictal silencing and has less variance than pre-seizure activity. This phenomenon is conventionally understood as a lack of energy in neuronal activity. The fixed parameters of this simulation are given in Table 2.




Tracking Synaptic Physiology Using Wide-Bandwidth and High-Pass-Filtered Data

We infer baseline parameters (noise inputs and synaptic gains), while others are fixed (see Table 2 for details) from a stationary segment of real data using dynamic causal modeling of cross-spectral density (Friston et al., 2012). We assume that all ensuing baseline parameters remain unchanged during transitions to seizures in data, except the synaptic gain of the inhibitory population. This effectively models pathological alterations of excitatory-inhibitory balance during paroxysmal transitions (Wendling et al., 2002).


Table 2. Fixed parameters of the NMM in different simulations of this study.

[image: Table 2]

We employed an unscented Kalman filter to track changes of inhibitory gain in two sets of real data (scaled by a factor of 104 to make its variance in the range of the NMM output) and their high-pass-filtered version (which mimics data that are usually available from conventional electrographic devices). We start by tracking the inhibitory gains for the full-bandwidth data with a small DC shift. This effectivity implies that the high-pass-filtered version and original wide-bandwidth data are very similar. The outcome of tracking the dynamics of inhibitory gain is shown in Figure 5 for both wide-bandwidth and high-pass-filtered data. The inferred trajectories of inhibitory gain have very similar behavior. In this case, the inferred inhibitory gain is altered as the large spikes appear in the data and increase during the recurrence of seizures.


[image: Figure 5]
FIGURE 5. Tracking seizures dynamics from wide-bandwidth (effectively without DC shifts) and high-pass-filtered data with paroxysmal transition. The left panel (A) shows the wide-bandwidth data at the top and inferred synaptic gains of inhibitory population at the bottom using the UKF approach (the uncertainty around the inhibitory gain in Equation (5) is n ~ N(0, 10−8) in this simulation). The synaptic gain tracks changes of the slow wave discharges and increases during the seizures. The right panel (B) shows the high-pass-filtered version of the wide-bandwidth data and the inferred trajectory of inhibitory gains. Comparing the behavior of the inferred synaptic gains suggests a similar behavior, which is due to the fact the DC shift in the wide-bandwidth data set is small. The fixed parameters of the NMM used in this simulation are given in Table 2. These data are a part of the recording trace in Figure 1.


We repeat the analysis for the wide-bandwidth data with significant DC shifts and for the same-signal subsequently high-pass-filtered data. The inferred inhibitory gains for both wide-bandwidth and high-pass-filtered data are shown in Figure 6. In this simulation, there are significant differences between behavior (effectively in the opposite direction) of the recovered slow evolution of inhibitory gains from both data. In the high-pass-filtered version of the data, the synaptic gain increases before paroxysmal transitions and returns to its baseline after seizures. The recovered trajectory of the inhibitory gains from wide-bandwidth data shows a totally different behavior as it starts to decrease during the pathological activity and then increases during seizures.


[image: Figure 6]
FIGURE 6. Tracking seizure dynamics from wide-bandwidth data (with a DC shift) and its high-pass-filtered with paroxysmal transitions. The left panel (A) shows the wide-bandwidth data at the top and inferred synaptic gains of inhibitory population at the bottom using the UKF algorithm (the uncertainty around the inhibitory gain in Equation (5) is n ~ N(0, 10−8) in this simulation). The synaptic gain tracks changes of the infraslow activity and increases during the seizures. The right panel (B) shows the high-pass-filtered version of the data and the inferred trajectory of inhibitory gains. The behavior of the inferred synaptic gains suggests an increase during the paroxysmal transitions and return to baseline after seizures. Comparing the results suggests that infraslow changes potentially play a key role for understanding underlying generators of the data. In fact, the inferred synaptic gains from the wide-bandwidth data show a totally different behavior from that of high-pass-filtered data. The fixed parameters of the NMM used in this simulation is given in Table 2. These data are a part of the recording trace in Figure 1.


These four examples may be seen as a proof of concept that all information in the recorded data needs to be considered for capturing the underlying dynamics of biological generators of data, particularly when modeling data with paroxysmal transitions into and out of seizures, which requires information about all frequency ranges from slow to very high.




DISCUSSION

In this study, we illustrate the importance of wide-bandwidth data for translational neuroscience applications, in particular for modeling data with paroxysmal transitions into and out of seizures. The importance of ultraslow potential shifts and oscillations has been known for many years, and their potential clinical usage, for example, improving localization of the epileptogenic zone, has been proven. Unfortunately, due to the poor performance of standard electrodes used clinically to record these slow brain signals accurately and with high fidelity, they are seldom recorded, reported, or studied. Here, we discuss a potential advantage of wide-bandwidth DC-coupled data over conventional recording settings for inferring parameters in a biological model through simple but intuitive examples. We show that the DC shift in data provides a different estimation of the synaptic physiology from that of high-pass-filtered data and thus lacking ultraslow information. As shown in this article, the estimation from high-pass-filtered and wide-bandwidth DC-coupled data may provide a totally different picture regarding underlying generators of data.

There are limitations to modeling the study presented in this article, and therefore, our findings should be considered only as proof of concept to motivate usage and uptake of wide-bandwidth DC-coupled data for translational neuroscience applications. We assume only one parameter in the NMM is responsible for transitions into and out of seizures (despite this, the modeling approach can replicate the pathological imbalance between excitation and inhibition). The excitation–inhibition balance is a generic hypothesis that has been be studied as a local network of interconnected neurons, as well as mesoscale or macroscale models under the same principals to explain brain activity in health and disease. Alteration of the excitation–inhibition balance in the NMM (Wendling et al., 2002) is an intuitive approach to explain seizure initiation and termination. The goodness of this hypothesis can be assessed and refined (by selecting different sets of connections in the model) through predictive validity tests (i.e., whether the prediction of the model is similar to observations made from animal data). There may be different biological contributors to the initiation and termination of seizures (Kramer et al., 2012; De Curtis and Avoli, 2015), which need to be considered. The key message of this article is that wideband data are required for modeling the underlying causes of paroxysmal transitions, irrespective of parameter selection. It should be noted that we consider only one parameter to explain transitions into and out of seizures. Having said that, application of the UKF (or any forms of Bayesian filtering) for tracking of more than one parameter could be ill-posed due to symmetry problems. This refers to compensation of evolution of one parameter by other parameters in statistical inference of parameters in partially observed dynamical systems (Haykin, 2004; Simon, 2006). In the animal model used in this study, we assume that seizures initially arise focally in the region injected by chemoconvulsant. Therefore, we only investigate changes of parameters associated with the first induced seizures and from one region of the brain. Having intra- and epicortical data using our novel recording technology, we expect spatial–temporal neuronal modeling can unpack more about the relation between ultraslow potential shifts, infraslow oscillations, and paroxysmal transitions.

As future research, one could employ the bifurcation theory to explore regions in the parameter space in which seizures are accompanied with/without DC shifts (e.g., similar to Saggio et al., 2020), although this information can only be investigated for a limited number of parameters. The ensuing finding can potentially be useful for model inversion (for instance, in data with paroxysmal transitions without DC shifts, one could restrict the parameter search space to those in which seizures are not accompanied with slow potential changes). One could also consider slow evolution for parameters and investigate the onset/offset of seizures with infraslow oscillations. Potentially, one could apply a similar approach to this study and investigate underlying bio-generators of the data (e.g., Jafarian et al. (2019a), Jafarian et al. (2019b)). Based on the assumption that the recording contact is in the seizure onset zone, rather than an area of propagation, several points can be made. It may be possible to conceptualize differences between underlying generators of these seizures where the insights into evolution of biological parameters (i.e., extracellular potassium buffering vs. decrease in inhibition) can play a key role for designing treatment. Clinicians may use insights from modeling patient-specific seizures and then apply different interventions (classes of drugs or neuromodulatory stimulations) (Schiff, 2011)] to optimize the therapeutic efficacy of seizure suppression. In theory, we could specify/assign slow dynamics to different parameters in the neuronal model, perform model inversion, and by using Bayesian model comparison explore the likely model of seizures with and without DC shifts. The likely model can be experimentally tested by assessing specific ways to control animal seizures and refined based on the outcome of the perturbations (Schiff, 2011).



DATA AVAILABILITY STATEMENT

The data in this paper may be available under reasonable request to authors.



ETHICS STATEMENT

Animal experiments in this paper were conducted in accordance with the United Kingdom Animal (Scientific Procedures) Act 1986, with approval from Home Office (license PPL70-13691) and the Local Ethics Committee at the Institute of Neurology, University College London.



AUTHOR CONTRIBUTIONS

AJ: conceptualization, methodology, software, validation, formal analysis, writing—original draft, data curation, and visualization. RW: conceptualization, methodology, data acquisition and curation, and review and editing. Both authors contributed to the article and approved the submitted version.



FUNDING

RW is funded by a Senior Research Fellowship awarded by the Worshipful Company of Pewterers. This work has received funding from the European Union's Horizon 2020 research and innovation programme under Grant Agreement No 881603 (GrapheneCore3).



REFERENCES

 Achermann, P., Dijk, D-. J., Brunner, D. P., and Borbély, A. A. (1993). A model of human sleep homeostasis based on EEG slow-wave activity: quantitative comparison of data and simulations. Brain Res. Bul. 31, 97–113. doi: 10.1016/0361-9230(93)90016-5

 Aladjalova, N. (1957). Infra-slow rhythmic oscillations of the steady potential of the cerebral cortex. Nature. 179, 957–959. doi: 10.1038/179957a0

 Bonaccini Calia, A., Masvidal-Codina, E., Smith, T. M., Schäfer, N., Rathore, D., Rodríguez-Lucas, E. E., et al. (2021). Full-bandwidth electrophysiology of seizures and epileptiform activity enabled by flexible graphene microtransistor depth neural probes. Nat. Nanotechnol. 1–9. doi: 10.1038/s41565-021-01041-9

 Callaway, M., Doan, T. S., Lamb, J. S., and Rasmussen, M. (2017). The dichotomy spectrum for random dynamical systems and pitchfork bifurcations with additive noise. Annales de l'Institut Henri Poincaré, Probabilités et Statistiques. Institut Henri Poincaré. 1548–1574. doi: 10.1214/16-AIHP763


 Cowan, J. D. (1969). A Statistical Mechanics of Nervous Activity. Chicago, Illinois: Univ Ill Committee On Mathematical Biology.


 Crauel, H., and Flandoli, F. (1994). Attractors for random dynamical systems. Prob. Theor. Relat. Fields. 100, 365–393. doi: 10.1007/BF01193705


 Crauel, H., and Flandoli, F. (1998). Additive noise destroys a pitchfork bifurcation. J. Dyn. Diff. Equations. 10, 259–274. doi: 10.1023/A:1022665916629


 Damoiseaux, J. S., Rombouts, S., Barkhof, F., Scheltens, P., Stam, C. J., Smith, S. M., et al. (2006). Consistent resting-state networks across healthy subjects. Proc. Natl. Acad. Sci. U.S.A. 103, 13848–13853. doi: 10.1073/pnas.0601417103

 De Curtis, M., and Avoli, M. (2015). Initiation, propagation, and termination of partial (focal) seizures. Cold Spring Harbor Perspect. Med. 5, a022368. doi: 10.1101/cshperspect.a022368

 De Goede, A. A., and Van Putten, M. J. (2019). Infraslow activity as a potential modulator of corticomotor excitability. J. Neurophysiol. 122, 325–335. doi: 10.1152/jn.00663.2018

 Deco, G., Jirsa, V. K., Robinson, P. A., Breakspear, M., and Friston, K. (2008). The dynamic brain: from spiking neurons to neural masses and cortical fields. PLoS Computat. Biol. 4, e1000092. doi: 10.1371/journal.pcbi.1000092

 Drew, P. J., Mateo, C., Turner, K. L., Yu, X., and Kleinfeld, D. (2020). Ultra-slow oscillations in fMRI and resting-state connectivity: neuronal and vascular contributions and technical confounds. Neuron, 107, 782–804. doi: 10.1016/j.neuron.2020.07.020

 Faugeras, O., and Inglis, J. (2015). Stochastic neural field equations: a rigorous footing. J. Math. Biol. 71, 259–300. doi: 10.1007/s00285-014-0807-6

 Faugeras, O. D., Touboul, J. D., and Cessac, B. (2009). A constructive mean-field analysis of multi population neural networks with random synaptic weights and stochastic inputs. Front. Comput. Neurosci. 3, 1. doi: 10.3389/neuro.10.001.2009

 Felleman, D. J., and Van Essen, D. C. (1991). Distributed hierarchical processing in the primate cerebral cortex. Cerebral Cortex (New York, NY: 1991), 1, 1–47. doi: 10.1093/cercor/1.1.1

 Fiedler, B. (2012). Ergodic Theory, Analysis, and Efficient Simulation of Dynamical Systems. Berlin, Germany: Springer Science and Business Media.


 Freeman, W. J. (1975). Mass Action in the Nervous System. Princeton, New Jersey: Citeseer.


 Friston, K. J., Bastos, A., Litvak, V., Stephan, K. E., Fries, P., Moran, R. J., et al. (2012). DCM for complex-valued data: cross-spectra, coherence and phase-delays. Neuroimage. 59, 439–455. doi: 10.1016/j.neuroimage.2011.07.048

 Friston, K. J., Li, B., Daunizeau, J., and Stephan, K. E. (2011). Network discovery with DCM. Neuroimage. 56, 1202–1221. doi: 10.1016/j.neuroimage.2010.12.039

 Friston, K. J., Preller, K. H., Mathys, C., Cagnan, H., Heinzle, J., Razi, A., et al. (2019). Dynamic causal modelling revisited. Neuroimage. 199, 730–744. doi: 10.1016/j.neuroimage.2017.02.045

 Grimbert, F., and Faugeras, O. (2006). Bifurcation analysis of Jansen's neural mass model. Neural Comput. 18, 3052–3068. doi: 10.1162/neco.2006.18.12.3052

 Hashimoto, H., Khoo, H. M., Yanagisawa, T., Tani, N., Oshino, S., Kishima, H., et al. (2020). Coupling between infraslow activities and high-frequency oscillations precedes seizure onset. Epilepsia Open. 5, 501–506. doi: 10.1002/epi4.12425

 Hashimoto, H., Khoo, H. M., Yanagisawa, T., Tani, N., Oshino, S., Kishima, H., et al. (2021). Phase-amplitude coupling between infraslow and high-frequency activities well discriminates between the preictal and interictal states. Scie. Rep. 11, 1–13. doi: 10.1038/s41598-021-96479-1

 Haykin, S. (2004). Kalman Filtering and Neural Netw. Hoboken, NJ: John Wiley and Sons.


 Hotson, J., and Prince, D. (1980). A calcium-activated hyperpolarization follows repetitive firing in hippocampal neurons. J. Neurophysiol. 43, 409–419. doi: 10.1152/jn.1980.43.2.409

 Hubel, D. H., and Wiesel, T. N. (1963). Shape and arrangement of columns in cat's striate cortex. J. Physiol. 165, 559. doi: 10.1113/jphysiol.1963.sp007079

 Ikeda, A., Takeyama, H., Bernard, C., Nakatani, M., Shimotake, A., Daifu, M., et al. (2020). Active direct current (DC) shifts and “Red slow”: two new concepts for seizure mechanisms and identification of the epileptogenic zone. Neurosci. Res. 156, 95–101. doi: 10.1016/j.neures.2020.01.014

 Jafarian, A., Freestone, D. R., Nešić, D., and Grayden, D. B. (2019a). Identification of a neural mass model of burst suppression. 41st Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). IEEE. 2019, 2905-2908. doi: 10.1109/EMBC.2019.8856998

 Jafarian, A., Freestone, D. R., Nešić, D., and Grayden, D. B. (2019b). Slow-fast Duffing neural mass model. 41st Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC). IEEE. 2019, 142-145. doi: 10.1109/EMBC.2019.8857316

 Jafarian, A., Zeidman, P., Litvak, V., and Friston, K. (2019c). Structure learning in coupled dynamical systems and dynamic causal modelling. Philos. Transac. Royal Soc. A. 377, 20190048. doi: 10.1098/rsta.2019.0048

 Jafarian, A., Zeidman, P., Wykes, R. C., Walker, M., and Friston, K. J. (2021). Adiabatic dynamic causal modelling. NeuroImage. 238, 118243. doi: 10.1016/j.neuroimage.2021.118243

 Jahnsen, H., and Llinás, R. (1984). Ionic basis for the electro-responsiveness and oscillatory properties of guinea-pig thalamic neurones in vitro. J. Physiol. 349, 227–247. doi: 10.1113/jphysiol.1984.sp015154

 Jansen, B. H., and Rit, V. G. (1995). Electroencephalogram and visual evoked potential generation in a mathematical model of coupled cortical columns. Biol. Cybern. 73, 357–366. doi: 10.1007/BF00199471

 Jefferys, J. (1995). Nonsynaptic modulation of neuronal activity in the brain: electric currents and extracellular ions. Physiol. Rev. 75, 689–723. doi: 10.1152/physrev.1995.75.4.689

 Jirsa, V. K., Stacey, W. C., Quilichini, P. P., Ivanov, A. I., and Bernard, C. (2014). On the nature of seizure dynamics. Brain. 137, 2210–2230. doi: 10.1093/brain/awu133

 Kager, H., Wadman, W. J., and Somjen, G. G. (2000). Simulated seizures and spreading depression in a neuron model incorporating interstitial space and ion concentrations. J. Neurophysiol. 84, 495–512. doi: 10.1152/jn.2000.84.1.495

 Kaiser, D. A. (2020). Astrocytes and Infra-Low Frequencies. Restoring the Brain. England, UK: Routledge.

 Kandel, E., and Spencer, W. (1961). Electrophysiology of hippocampal neurons: II. After-potentials and repetitive firing. J. Neurophysiol. 24, 243–259. doi: 10.1152/jn.1961.24.3.243

 Kobayashi, T., Shimada, Y., Fujiwara, K., and Ikeguchi, T. (2017). Reproducing infra-slow oscillations with dopaminergic modulation. Sci. Rep. 7, 1–9. doi: 10.1038/s41598-017-02366-z

 Kozachkov, L., and Michmizos, K. P. (2017). The causal role of astrocytes in slow-wave rhythmogenesis: A computational modelling study. arXiv preprint arXiv:1702, 03993.


 Kramer, M. A., Truccolo, W., Eden, U. T., Lepage, K. Q., Hochberg, L. R., Eskandar, E. N., et al. (2012). Human seizures self-terminate across spatial scales via a critical transition. Proc. Natl. Acad. Sci. 109, 21116–21121. doi: 10.1073/pnas.1210047110

 Krishnan, G. P., González, O. C., and Bazhenov, M. (2018). Origin of slow spontaneous resting-state neuronal fluctuations in brain networks. Proc. Natl. Acad. Sci. 115, 6858–6863. doi: 10.1073/pnas.1715841115

 Kuga, N., Sasaki, T., Takahara, Y., Matsuki, N., and Ikegaya, Y. (2011). Large-scale calcium waves traveling through astrocytic networks in vivo. J. Neurosci. 31, 2607–2614. doi: 10.1523/JNEUROSCI.5319-10.2011

 KuznetSOv, I. U. R. A., Kuznetsov, Y. A., and Meijer, H. G. (2019). Numerical Bifurcation Analysis of Maps. Cambridge, UK: Cambridge University Press.


 Lemieux, M., Chen, J-. Y., Lonjers, P., Bazhenov, M., and Timofeev, I. (2014). The impact of cortical deafferentation on the neocortical slow oscillation. J. Neurosci. 34, 5689–5703. doi: 10.1523/JNEUROSCI.1156-13.2014

 Liley, D., and Walsh, M. (2013). The mesoscopic modeling of burst suppression during anesthesia. Front. Comput. Neurosci. 7, 46. doi: 10.3389/fncom.2013.00046

 Lopes Da Silva, F., Hoeks, A., Smits, H., and Zetterberg, L. (1974). Model of brain rhythmic activity. Kybernetik 15, 27–37. doi: 10.1007/BF00270757

 Lundqvist, M., Herman, P., Palva, M., Palva, S., Silverstein, D., Lansner, A., et al. (2013). Stimulus detection rate and latency, firing rates and 1–40 Hz oscillatory power are modulated by infra-slow fluctuations in a bistable attractor network model. Neuroimage 83, 458–471. doi: 10.1016/j.neuroimage.2013.06.080

 Lundstrom, B. N. (2015). Modeling multiple time scale firing rate adaptation in a neural network of local field potentials. J. Comput. Neurosci. 38, 189–202. doi: 10.1007/s10827-014-0536-2

 Lundstrom, B. N., Brinkmann, B. H., and Worrell, G. A. (2021). Low frequency novel interictal EEG biomarker for localizing seizures and predicting outcomes. Brain Commun. 3, fcab231. doi: 10.1093/braincomms/fcab231

 Mountcastle, V. B. (1957). Modality and topographic properties of single neurons of cat's somatic sensory cortex. J. Neurophysiol. 20, 408–434. doi: 10.1152/jn.1957.20.4.408

 Rossi, L. F., Wykes, R. C., Kullmann, D. M., and Carandini, M. (2017). Focal cortical seizures start as standing waves and propagate respecting homotopic connectivity. Nat. Commun. 8, 1–11. doi: 10.1038/s41467-017-00159-6

 Ruskin, D. N., Bergstrom, D. A., Kaneoke, Y., Patel, B. N., Twery, M. J., Walters, J. R., et al. (1999). Multisecond oscillations in firing rate in the basal ganglia: robust modulation by dopamine receptor activation and anesthesia. J. Neurophysiol. 81, 2046–2055. doi: 10.1152/jn.1999.81.5.2046

 Saggio, M. L., Crisp, D., Scott, J. M., Karoly, P., Kuhlmann, L., Nakatani, M., et al. (2020). A taxonomy of seizure dynamotypes. Elife 9, e55632. doi: 10.7554/eLife.55632.sa2

 Sarkka, S. (2007). On unscented Kalman filtering for state estimation of continuous-time nonlinear systems. IEEE Transac. Autom. Control 52, 1631–1641. doi: 10.1109/TAC.2007.904453


 Schiff, S. J. (2011). Neural Control Engineering: The Emerging Intersection Between Control Theory and Neuroscience. Cambridge, MA: MIT Press.


 Schwartenbeck, P., and Friston, K. (2016). Computational phenotyping in psychiatry: a worked example. ENeuro 3, ENEURO.0049-16.2016. doi: 10.1523/ENEURO.0049-16.2016

 Shaw, A., Moran, R. J., Muthukumaraswamy, S. D., Brealy, J., Linden, D., Friston, K. J., et al. (2017). Neurophysiologically-informed markers of individual variability and pharmacological manipulation of human cortical gamma. Neuroimage 161, 19–31. doi: 10.1016/j.neuroimage.2017.08.034

 Simon, D. (2006). Optimal State Estimation: Kalman, H infinity, and Nonlinear Approaches. Hoboken, NJ: John Wiley and Sons.


 Sitz, A., Schwarz, U., Kurths, J., and Voss, H. U. (2002). Estimation of parameters and unobserved components for nonlinear systems from noisy time series. Phys. Rev. E. 66, 016210. doi: 10.1103/PhysRevE.66.016210

 Spiegler, A., Kiebel, S. J., Atay, F. M., and Knösche, T. R. (2010). Bifurcation analysis of neural mass models: Impact of extrinsic inputs and dendritic time constants. NeuroImage 52, 1041–1058. doi: 10.1016/j.neuroimage.2009.12.081

 Stefanovski, L., Triebkorn, P., Spiegler, A., Diaz-Cortes, M-. A., Solodkin, A., Jirsa, V., et al. (2019). Linking molecular pathways and large-scale computational modeling to assess candidate disease mechanisms and pharmacodynamics in Alzheimer's disease. Front. Comput. Neurosci. 13, 54. doi: 10.3389/fncom.2019.00054

 Steriade, M., Nunez, A., and Amzica, F. (1993a). Intracellular analysis of relations between the slow (<1 Hz) neocortical oscillation and other sleep rhythms of the electroencephalogram. J. Neurosci., 13, 3266–3283. doi: 10.1523/JNEUROSCI.13-08-03266.1993

 Steriade, M., Nunez, A., and Amzica, F. (1993b). A novel slow (<1 Hz) oscillation of neocortical neurons in vivo: depolarizing and hyperpolarizing components. J. Neurosci. 13, 3252–3265. doi: 10.1523/JNEUROSCI.13-08-03252.1993

 Touboul, J., Wendling, F., Chauvel, P., and Faugeras, O. (2011). Neural mass activity, bifurcations, and epilepsy. Neural Comput. 23, 3232–3286. doi: 10.1162/NECO_a_00206

 Traub, R. D., Miles, R., and Jefferys, J. (1993). Synaptic and intrinsic conductances shape picrotoxin-induced synchronized after-discharges in the guinea-pig hippocampal slice. J. Physiol. 461, 525–547. doi: 10.1113/jphysiol.1993.sp019527

 Tuckwell, H. C., and Miura, R. M. (1978). A mathematical model for spreading cortical depression. Biophys. J. 23, 257–276. doi: 10.1016/S0006-3495(78)85447-2

 Ullah, G., Wei, Y., Dahlem, M. A., Wechselberger, M., and Schiff, S. J. (2015). The role of cell volume in the dynamics of seizure, spreading depression, and anoxic depolarization. PLoS Comput. Biol. 11, e1004414. doi: 10.1371/journal.pcbi.1004414

 Van Putten, M. J., Tjepkema-Cloostermans, M. C., and Hofmeijer, J. (2015). Infraslow EEG activity modulates cortical excitability in postanoxic encephalopathy. J. Neurophysiol. 113, 3256–3267. doi: 10.1152/jn.00714.2014

 Van Someren, E. J., Van Der Werf, Y., Roelfsema, P., Mansvelder, H., and Da Silva, F. L. (2011). Slow Brain Oscillations of Sleep, Resting State, and vigilance. Prog. Brain Res. 193, 3–15. doi: 10.1016/B978-0-444-53839-0.00001-6

 Veltz, R., and Faugeras, O. (2010). Local/global analysis of the stationary solutions of some neural field equations. SIAM J. Appl. Dyn. Syst. 9, 954–998. doi: 10.1137/090773611


 Veltz, R., and Faugeras, O. (2011). Stability of the stationary solutions of neural field equations with propagation delays. J. Math. Neurosci, 1, 1–28. doi: 10.1186/2190-8567-1-1

 Voss, H. U., Timmer, J., and Kurths, J. (2004). Nonlinear dynamical system identification from uncertain and indirect measurements. Int. J. Bifurcation Chaos 14, 1905–1933. doi: 10.1142/S0218127404010345


 Wade, J. J., Mcdaid, L. J., Harkin, J., Crunelli, V., and Kelso, J. S. (2011). Bidirectional coupling between astrocytes and neurons mediates learning and dynamic coordination in the brain: a multiple modeling approach. PloS ONE 6, e29445. doi: 10.1371/journal.pone.0029445

 Watson, B. O. (2018). Cognitive and physiologic impacts of the infraslow oscillation. Front. Syst. Neurosci. 12, 44. doi: 10.3389/fnsys.2018.00044

 Wendling, F., Bartolomei, F., Bellanger, J., and Chauvel, P. (2002). Epileptic fast activity can be explained by a model of impaired GABAergic dendritic inhibition. Eur. J. Neurosci, 15, 1499–1508. doi: 10.1046/j.1460-9568.2002.01985.x

 Wendling, F., Hernandez, A., Bellanger, J-. J., Chauvel, P., and Bartolomei, F. (2005). Interictal to ictal transition in human temporal lobe epilepsy: insights from a computational model of intracerebral EEG. J. Clin. Neurophysiol. 22, 343–356.

 Wilkie, J. (2004). Numerical methods for stochastic differential equations. Phys. Rev. E, 70, 017701. doi: 10.1103/PhysRevE.70.017701

 Wilson, H. R., and Cowan, J. D. (1972). Excitatory and inhibitory interactions in localized populations of model neurons. Biophys. J. 12, 1–24. doi: 10.1016/S0006-3495(72)86068-5

 Wilson, M. T., Steyn-Ross, D. A., Sleigh, J. W., Steyn-Ross, M. L., Wilcocks, L., Gillies, I., et al. (2006). The K-complex and slow oscillation in terms of a mean-field cortical model. J. Comput. Neurosci. 21, 243–257. doi: 10.1007/s10827-006-7948-6

 Yamada, M., Inanobe, A., and Kurachi, Y. (1998). G protein regulation of potassium ion channels. Pharmacol. Rev. 50, 723–757.

Conflict of Interest: 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.

Publisher's Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Jafarian and Wykes. 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) and the copyright owner(s) 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_5.gif





OPS/xhtml/Nav.xhtml




Contents





		Cover



		Impact of DC-Coupled Electrophysiological Recordings for Translational Neuroscience: Case Study of Tracking Neural Dynamics in Rodent Models of Seizures



		Introduction



		Materials and Methods



		Chemoconvulsant Animal Model of Seizures



		Neural Mass Model







		Results



		Forward Simulation of NMM



		Tracking Synaptic Physiology Using Wide-Bandwidth and High-Pass-Filtered Data







		Discussion



		Data Availability Statement



		Ethics Statement



		Author Contributions



		Funding



		References

















OPS/images/inline_4.gif





OPS/images/inline_7.gif
N(0,10%)






OPS/images/inline_6.gif
e R





OPS/images/inline_3.gif





OPS/images/inline_2.gif









OPS/images/crossmark.jpg
©

2

i

|





OPS/images/logo.jpg
’ frontiers ‘ Frontiers in Computational Neuroscience





OPS/images/fncom-16-900063-g005.gif
» Wide bandwidth data = High pass filtered data
5 ”VM\ g3,






OPS/images/fncom-16-900063-g006.gif
»  Wide bandwidth data = High pass filtered data

. K’(WM\ %i TP e
‘"L,;n)»mw/w g ;\j\\v’va\

Tume(sed) Time(sec)





OPS/images/fncom-16-900063-g003.gif





OPS/images/fncom-16-900063-g004.gif





OPS/images/inline_1.gif
¢t -4
M= AL
0] 7°





OPS/images/fncom-16-900063-t001.jpg
Acronyms

Apiex
A
T
Toex

Cc
Vin
3

&

Description

Maximum PSP of pyramidal and excitatory population [2.5-10] mV
Maximum PSP of inhibitory population [3-100] mV
Synaptic Time constant of inhibitory population 1/50 (5)~"

Synaptic Time constant of pyramidal and excitatory population
1/100 (5)-1

Connectivity constant [60-1,350]
Firing threshold [2-7) mV/

Slope of sigmoid function 0.56 (s)"
Maximum firing rate 5 (s)-1

Endogenous random Gaussian fluctuation with mean y: [160-260]
and variance £ = 1.





OPS/images/fncom-16-900063-t002.jpg
Parameter Figure 3 Figure 4 Figures 5,6

Ap (mV) 325 325 3447
As(mV) 325 325 2831
AlmV) 22 22 26,072
Tits) 50 50 50
Tals) 100 110 100
Tox (6) 100 110 100
Vin(mY) 6 6 5
To: [68-675] 145 190
plH2) 056 056 056
eolHz) 5 5 5

©~ N, T)H) 8(220,1.5) R(160,1.5) R(200,1.2)





OPS/images/cover.jpg
& frontiers | Frontiers in Computational Neuroscience

Impact of DC-Coupled
Electrophysiological Recordings for
Translational Neuroscience: Case

Study of Tracking Neural Dynamics in
Rodent Models of Seizures





OPS/images/fncom-16-900063-g001.gif





OPS/images/math_4.gif
x(D) =1 (x8) +nlt)

@





OPS/images/fncom-16-900063-g002.gif
Ld Ad
'\ﬁ‘ VT,
Y,

o

|
il
AN

oWt =

TERCAT =)

ey

x(©)






OPS/images/math_5.gif
Vo

x) =/ (x0)+nlt)
G =0+n(t)
Hlixt).0 )] +e

)





OPS/images/math_1.gif
o (V, Vi) =

-
T+exp(—p(V—Va)

&





OPS/images/inline_8.gif
A, =01(-0.064+5 o) +a(e)) (n ~ N(0,10°))





OPS/images/math_3.gif
Xp = Xp+

N L e h

ENUEES 5
o = 720+ (08 xC)xo(Cxx,))f-,Z:X«'*i{Xa()
5= x

e (1) = 44(025C) x 0 (025 x Cx xp)) — F % — o





OPS/images/math_2.gif
(1 +——) V) = Aol @





