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Abstract 62 

Pharmacoresistant epilepsy is a common neurological disorder in which increased neuronal 63 

intrinsic excitability and synaptic excitation lead to pathologically synchronous behavior in the 64 

brain. In the majority of experimental and theoretical epilepsy models, epilepsy is associated 65 

with reduced inhibition in the pathological neural circuits, yet effects of intrinsic excitability are 66 

usually not explicitly analyzed. Here we present a novel neural mass model that includes 67 

intrinsic excitability in the form of spike-frequency adaptation in the excitatory population. We 68 

validated our model using local field potential data recorded from human 69 

hippocampal/subicular slices. We found that synaptic conductances and slow adaptation in the 70 

excitatory population both play essential roles for generating seizures and pre-ictal oscillations. 71 

Using bifurcation analysis, we found that transitions towards seizure and back to the resting 72 

state take place via Andronov-Hopf bifurcations. These simulations therefore suggest that single 73 

neuron adaptation as well as synaptic inhibition are responsible for orchestrating seizure 74 

dynamics and transition towards the epileptic state. 75 

 76 

Significance statement 77 

Epileptic seizures are commonly thought to arise from a pathology of inhibition in the brain 78 

circuits. Theoretical models aiming to explain epileptic oscillations usually describe the neural 79 

activity solely in terms of inhibition and excitation. Single neuron adaptation properties are 80 

usually assumed to have only a limited contribution to seizure dynamics. To explore this issue, 81 

we developed a novel neural mass model with adaption in the excitatory population. By 82 

including adaptation together with inhibition in this model, we were able to account for several 83 
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experimentally observed properties of seizures, resting state dynamics, and pre-ictal 84 

oscillations, leading to improved understanding of epileptic seizures. 85 

 86 

Introduction 87 

Epilepsy is the fourth most common neurological disorder, and is responsible for a greater total 88 

global burden of disease than any neurological conditions except for stroke and migraine (Chin 89 

et al., 2014; Beghi et al., 2005; Rothstein et al., 2005). Epileptic seizures are characterized by the 90 

increased excitability/excitation in the brain’s recurrently coupled neuronal networks (Lytton, 91 

2009). Typically, experimental seizure models assume that seizures occur due to decreased 92 

inhibition (Karnup et al., 1999; Sivakumaran et al., 2015) or increased excitation in the neural 93 

networks (Ursino et al., 2006; Hall et al., 2013). 94 

 95 

There is also evidence that interneurons increase their firing at seizure initiation (Lillis et al., 96 

2012) and are active during the time course of the epileptic activity (Ziburkus et al., 2006), 97 

suggesting that the activity of interneurons contributes importantly to aspects of seizure 98 

dynamics. The activity-dependent interplay between the pyramidal cells and interneurons could 99 

play an essential role for seizure generation mechanisms (Buchin et al., 2016; Krishnan et al., 100 

2011; Naze et al., 2015). In neural mass models, neuron populations are often treated as rate 101 

units lacking intrinsic adaptation (Touboul et al., 2011). The dynamic behavior of the neural 102 

populations is determined by the balance between excitation and inhibition. Despite the 103 

simplicity of these models, they can be successfully used to reproduce resting and interictal 104 

states as well as ictal discharges by producing time series comparable with macroscopic 105 
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measurements such as electroencephalogram signals and field potentials (Demont-Guignard et 106 

al., 2009). 107 

 108 

However, not all types of epileptic seizures can be explained by looking only at the balance 109 

between excitation and inhibition (Traub et al., 2005); intrinsic excitability changes on the 110 

single-neuron level also play an important role (Krishnan et al., 2011). Studies on human 111 

subiculum tissue showed that the complete blockade of type A GABAergic neurotransmission 112 

(and thus inactivation of the effects of inhibitory population) precludes seizure emergence 113 

while, if applied after seizure initiation, it abolishes rather than enhances the seizure activity. 114 

These manipulations usually bring back the neural network in the slice towards pre-ictal events, 115 

which have substantially different frequency content than seizure activity (Huberfeld et al., 116 

2011), and which in this case fail to trigger ictal events. In human epileptic tissues, including 117 

peritumoral neocortex (Pallud et al., 2014), interictal discharges are generated spontaneously. 118 

These events are triggered by interneurons which depolarize pyramidal cells with impaired 119 

chloride regulation, leading to depolarizing effects of GABA. Once activated, pyramidal cells 120 

excite other cells via AMPA-mediated glutamatergic transmission. In these tissues, seizures can 121 

be produced by increasing local excitability using modified bathing media. The transition to 122 

seizures is characterized by the emergence of specific pre-ictal events initiated by pyramidal 123 

cells which synchronize local neurons by AMPA signals. These pre-ictal events cluster before 124 

seizure initiation which requires functional AMPA, NMDA as well as GABAA signals. The 125 

conventional neural mass models are unable to explain these pre-ictal oscillations because they 126 

require the excitatory population to generate periodic oscillations in the absence of inhibition. 127 
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The second motivation for incorporating intrinsic excitability into neural mass models is that in 128 

epileptogenic areas, such as human subiculum, there is a substantial proportion of neurons with 129 

non-trivial intrinsic properties such as spike-frequency adaptation (Huberfeld et al., 2007; 130 

Jensen et al., 1994). To take these properties into account, neural mass models need to be 131 

enriched by the addition of components such as slow potassium currents (Pinsky et al., 1994). 132 

 133 

In addition, seizures are typically accompanied by high potassium concentrations (Xiong et al., 134 

1999; Fröhlich et al., 2006; Florence et al., 2009; Dietzel et al., 1986), which in turn activate 135 

calcium currents (Fröhlich et al., 2008; Bazhenov et al., 2004), which in turn affect spike-136 

frequency adaptation and intrinsic bursting. These properties are likely to modulate the single 137 

neuron firing and thus further influence the neuronal dynamics. These findings motivate the 138 

development of neural mass models that can capture the intrinsic excitability in coupled neural 139 

populations. 140 

 141 

In this work, we developed a novel neural mass model consisting of an inhibitory neural 142 

population and an adaptive excitatory neuronal population (Buchin et al., 2010). We calibrated 143 

the parameters of the model to local field potential (LFP) data recorded in human subiculum 144 

slices during rest, seizure, and full disinhibition in pre-ictal condition. We then analyzed the 145 

model as calibrated to each of these three regimes. Our results emphasize the role of intrinsic 146 

excitability such as adaptation in the excitatory population, which help explain the transitions 147 

between rest, seizure, and full disinhibition states. 148 

 149 
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Materials and Methods 150 

Epileptic tissue: Temporal lobe tissue blocks containing the hippocampus, subiculum, and part 151 

of the entorhinal cortex were obtained from 45 people of both sexes with pharmacoresistant 152 

medial temporal lobe epilepsies associated with hippocampal sclerosis (age, 18–52 years; 153 

seizures for 3–35 years) undergoing resection of the amygdala, the hippocampus, and the 154 

anterior parahippocampal gyrus. All of the individuals gave their written informed consent and 155 

the study was approved by the Comité Consultatif National d’Ethique. 156 

 157 

Tissue preparation: The post-surgical tissue was transported in a cold, oxygenated solution 158 

containing 248 mM d-sucrose, 26 mM NaHCO3, 1 mM KCl, 1 mM CaCl2, 10 mM MgCl2 and 10 159 

mM d-glucose, equilibrated with 5% CO2 in 95% O2. Hippocampal-subicular-entorhinal cortical 160 

slices or isolated subicular slices (400 μm thickness, 3x12 mm length and width) were cut with a 161 

vibratome (HM650 V, Microm). They were maintained at 37 °C, and equilibrated with 5% CO2 in 162 

95% O2 in an interface chamber perfused with a solution containing 124 mM NaCl, 26 mM 163 

NaHCO3, 4 mM KCl, 2 mM MgCl2, 2 mM CaCl2 and 10 mM d-glucose. Bicuculline or picrotoxin 164 

was used to block GABAA receptors. Ictal-like activity was induced by increasing the external K+ 165 

concentration to 8 mM and reducing the Mg2+ concentration to 0.25 mM to increase the cellular 166 

excitability (similar to Huberfeld et al., 2011). 167 

 168 

Recordings: Up to four tungsten electrodes etched to a tip diameter of ~5 μm were used for the 169 

extracellular recordings. The signals were amplified 1,000-fold and filtered to pass frequencies 170 

of 0.1 Hz to 10 kHz (AM systems, 1700). The extracellular signals were digitized at 10 kHz with a 171 
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12–bit, 16-channel A-D converter (Digidata 1200A, Axon Instruments), and monitored and saved 172 

to a PC with Axoscope (Axon Instruments). 173 

 174 

Data analysis: Records were analyzed using pCLAMP 10 software and scripts written in Matlab 175 

2016a (https://ch.mathworks.com/). Power spectrum estimation was performed using fast 176 

Fourier transforms. The major frequencies of oscillations were computed via the multitaper 177 

method (Thomson 1982). 178 

 179 

Simulations and analysis: Neural population model simulations were performed in XPPAUT 8.0 180 

using the direct Euler method of integration, with a time step of 0.05 ms. Smaller time steps 181 

were tested and provided substantially similar results. In all simulations the initial conditions 182 

were systematically varied to check stability of numerical results. The data for the model was 183 

taken from one representative patient in the brain slice demonstrating resting state, seizure and 184 

pre-ictal oscillations. 185 

 186 

Software Accessibility: The model code is available on GitHub (https://github.com/abuchin/EI-187 

with-adaptation). Bifurcation analysis was performed in the XPP AUTO package 188 

(http://www.math.pitt.edu/~bard/xpp/xpp.html). 189 

 190 

Neural mass model: In the model we considered interacting excitatory and inhibitory neural 191 

populations coupled by AMPA and GABAA synapses. All model variables and parameters are 192 

presented in Tables 1 and 2. Each population was characterized by the average membrane 193 
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potential of a population of leaky integrate-and-fire (LIF) neurons, similar to (Touboul et al., 194 

2011, Chizhov et al., 2007) with approximations for adaptive currents taken from (Buchin et al., 195 

2010): 196 

 197 

 198 

 199 

 200 

where 201 

 202 

  203 

  204 

  205 

 206 

The firing rate of each population is computed based on the interspike interval distribution of 207 

the neural population (Gerstner et al., 2002): 208 

 209 

 210 

 211 

where 212 

 213 



 

 10 

  214 

 215 

and 216 

 217 

  218 

 219 

In all simulations  has been approximated by the following sigmoid function: 220 

 221 

 222 

 223 

The population firing rate determines the adaptive (a), excitatory (e) and inhibitory (i) 224 

conductances. Their dynamics are computed using the second-order approximation (Wendling 225 

et al., 2002; Chizhov, 2013): 226 

 227 

 228 

 229 

 230 

 231 
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To mimic the afferent excitatory input, the excitatory population also received stochastic 232 

excitatory input modeled as an Ornstein-Uhlenbeck process (Buchin et al., 2010): 233 

 234 

=  235 

 236 

To mimic elevated extracellular potassium from epileptogenic slice experiments, in the 237 

population model, we increased potassium reversal potential in both populations from –90 238 

mV to –75 mV, i.e. from  mM to  mM. This value of was computed based on 239 

Nernst equation, , where  mV and  mM (Krishnan et al, 240 

2011). 241 

 242 

All model parameter values and variable names are present in Table 1 and 2. The initial 243 

parameter set was chosen manually to reproduce the pre-ictal like oscillations due to balance 244 

between  and , seizure and resting state were fit such that  parameter variations 245 

would make a transition between seizure and resting state. 246 

 247 

Local field potential model: The LFP was calculated based on the activity of the excitatory 248 

population. We assumed that pyramidal cells activity dominates the extracellular field (Buzsáki 249 

et al., 2012). The dominant theory is that the LFP component is dominated by the single neuron 250 

dipole contribution (Buzsáki et al., 2012). Since the neural mass model averages over single 251 

neurons, the dipole moment cannot be directly modeled. Thus, to approximate the LFP being 252 
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recorded near somas of the excitatory populations, we used the assumption that the average 253 

membrane potential of the excitatory population is proportional to the LFP, i.e.  254 

(Ursino et al., 2006; Demont-Guignard et al., 2009; Wendling et al., 2012; Ratnadurai-Giridharan 255 

et al., 2014). 256 

 257 

Results 258 

Construction of the population model 259 

We developed а model of interacting excitatory and inhibitory population inspired by Wilson-260 

Cowan approach (Wilson et al., 1972). It consists of excitatory and inhibitory populations 261 

coupled by synaptic connections, as shown in Fig. 1A. The firing rate in each population depends 262 

on the average membrane potential , which is governed by the subthreshold dynamics of 263 

leaky integrate-and-fire (LIF) neuron population similar to (Gerstner et al., 2002; Chizhov, 2013), 264 

as explained in the Materials and Methods. Firing rates of the excitatory and inhibitory 265 

populations are determined using the values of  put through function  (Gerstner et 266 

al., 2002; Johannesma, 1968). To make the model numerically stable and amenable to 267 

bifurcation analysis we used a sigmoid function to estimate the population firing rate provided 268 

by the  approximation. To justify the choice of sigmoid parameters we used least-269 

squares to match it with the analytical solution (Johannesma, 1968), as shown in Fig. 1C, D. The 270 

sigmoid approximation allows one to efficiently take into account zero and linear parts of the 271 

potential-to-rate transfer functions , and provides saturation due to the single neuron 272 

refractory period (Renart et al., 2004). The sigmoid functions of excitatory and inhibitory 273 

populations are shown in Fig. 1C and 1D. The difference between the excitatory and inhibitory 274 
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populations was taken into account by adjusting passive conductances for sodium, potassium, 275 

and chloride leak currents estimated in (Krishnan et al., 2011) based on dynamic ion 276 

concentration model. 277 

 278 

The subthreshold  dynamics determine the synaptic , , , 279 

 and intrinsic  conductances, shown in Fig. 1A, computed according to the 280 

population firing-rates . Similar to spiking neural network models (Bazhenov et al., 2004), 281 

(Ratnadurai-Giridharan et al., 2014), adaption in our population model reduces neural firing in 282 

the excitatory population after periods of activity. Excitatory population receives external 283 

random synaptic input to model excitation from the rest of the brain similar to (Touboul et al., 284 

2011; Jansen et al., 1995). To mimic the experimental epileptogenic conditions of human 285 

subiculum slice experiments, the potassium reversal potential was elevated from –95 mV to –75 286 

mV both in the excitatory and inhibitory populations to provide excitatory drive to reproduce 287 

the experimental conditions. Elevation of extracellular potassium also leads the increase of 288 

intracellular chloride reducing the efficiency of inhibition due to elevated GABAA reversal 289 

potential (Huberfeld et al., 2007, Buchin et al., 2016). To generate the model output comparable 290 

with experimental data, we computed the LFP generated by the excitatory population (Buzsáki 291 

et al., 2012). This approximation assumes that all pyramidal cells in the excitatory population 292 

contribute equally to the recorded LFP signal, as shown in Fig. 1B. Thus the total LFP near somas 293 

depends on the average value of the membrane potential in the excitatory population with a 294 

certain dimensionality constant, i.e. . 295 

 296 
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 297 

Reproduction of epileptic oscillations 298 

When the excitatory and inhibitory synaptic currents were dynamically balanced, the activity 299 

stayed in the low-firing regime, as indicated by LFP power spectrum, Fig. 2. The recorded 300 

pyramidal cell during this period demonstrated sparse firing activity, partially time-locked with 301 

the discharges on the LFP. We call this activity in the model the balanced or resting state, Fig. 302 

2A. In this regime the model does not generate epileptic oscillations. To evaluate the model 303 

performance in this resting state, we compared the synthetic LFP with the experimental LFP 304 

recorded between seizures, as shown in Fig. 2A. Similar to the experimental data, we found that 305 

in the resting state, the model generates broadband oscillations, with the highest power in the 306 

1–15 Hz frequency band. In this regime, the average membrane potential of the excitatory 307 

population  stays in the range from –60 to –50 mV. 308 

 309 

We found that the model was not capable of generating interictal discharges using this 310 

parameter set. It has been recently suggested that interneurons play the key role in generating 311 

interictal activity (Cohen et al., 2002; Huberfeld et al., 2011). In the presence of GABAA blockade 312 

these events were completely blocked, indicating that they depend on combination of 313 

GABAergic and glutamatergic signaling. In the recent population model (Chizhov at al. 2017) it 314 

was proposed that interictal discharges could be initiated by the inhibitory population, thus 315 

explaining interneuron firing prior to pyramidal cell firing (Huberfeld et al., 2011). In our model 316 

we have not explored this scenario, i.e. when the inhibitory population is also receiving the 317 

background synaptic input. These mechanisms would likely play an important role for seizure 318 
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initiation; however, incorporating all mechanisms at once would make the model impossible to 319 

study analytically. Therefore, we have not considered interictal discharges prior to seizure, while 320 

aiming to specifically describe other types of oscillations. 321 

 322 

To reproduce the seizure state in the model, we reduced the synaptic inhibition of the 323 

excitatory population by decreasing the synaptic conductance parameter , as shown in Fig. 324 

2B (black arrow). All other parameters of the model remained the same. In this case the model 325 

moved into an oscillatory regime in which the power spectrum of the oscillations changed 326 

dramatically to include strong oscillations in the 1–4 Hz frequency band, which is typical for ictal 327 

discharges (Huberfeld et al., 2011). 328 

 329 

We compared the model power spectrum with the measured LFP recorded during the initial 330 

phase of the ictal discharge with the hypersynchronous activity onset. During this activity 331 

regime the recorded pyramidal cells generated strong bursts of spikes temporally locked to the 332 

LFP, as shown in Fig. 2B. The population model displayed discharges with the same frequency 333 

band as in the LFP, indicating large amount of synchrony in the excitatory population (Buzsáki et 334 

al., 2012). Note that we considered only the initial phase of the seizure; the whole ictal event is 335 

shown in Fig. 3E. 336 

 337 

To further test the validity of our model, we explored its dynamics with inhibitory activity 338 

completely blocked, as shown in Fig. 2C. In these simulations the initial conditions were set to 339 

the resting state and parameter values of the model were set to the seizure state, but with the 340 
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conductance  (from the inhibitory to the excitatory population) set to zero to mimic the 341 

experimental conditions. In this case the GABAergic effects of the inhibitory population in the 342 

slice has been fully blocked by bicuculine after seizures have been previously established 343 

(Huberfeld et al., 2011). In response to this change, the activity in the slice became highly 344 

synchronized and reduced to regular pre-ictal discharges. During these oscillations the 345 

pyramidal cells generated large bursts of activity, temporally coupled with the LFP, Fig. 2C. In 346 

the model, similarly to the experimental preparation, the blockade of the GABAergic signaling 347 

mimicked by the abolition of the inhibitory population led to the development of a slow 348 

oscillatory rhythm with a peak frequency around 1 Hz. These events have been previously 349 

reported as pre-ictal discharges (Huberfeld et al., 2011). This rhythm has much slower frequency 350 

than seizures, and is usually within 1–4 Hz frequency range (Buchin et al., 2016; Huberfeld et al., 351 

2011). In addition, these events recur regularly for long periods with very limited modulation.  352 

 353 

We call this regime of activity pre-ictal discharges because similar activity takes place before 354 

transition towards an ictal state (Huberfeld et al., 2011). In this regime, the dynamics of the 355 

excitatory population are determined only by the balance between self-excitation, , 356 

after-hyperpolarization current (AHP) (Buchin et al., 2010; Chizhov et al., 2008), , 357 

and the afferent synaptic current . Hence these pre-ictal oscillations in the model are 358 

driven by the synaptic noise and adaptation. The excitatory input to the excitatory population 359 

 drives the upswings of  due to recurrent excitatory synapses, with activity then being 360 

terminated by AHP currents. These transitions take place randomly due to stochastic nature of 361 

the synaptic input. 362 



 

 17 

For quantitative comparisons between the model and experiment we used the linear fit to the 363 

power spectrum over frequencies and peak estimation, as shown in Table 3. We found that 364 

there is substantial intersection between linear fits applied to the power spectrums in resting, 365 

seizure, and pre-ictal states, as shown in Fig. 2. We found that there is a substantial overlap 366 

between these frequencies, providing validation for the model. Note that we compared the 367 

overall spectral characteristics between the model and experiment by variation of only one 368 

parameter,  to reproduce transitions between the pre-ictal, resting and seizure states. If 369 

more parameters are varied at the same time, it would be possible to get a better match 370 

between the model and experiment. 371 

 372 

Overall oscillations in our population model are controlled by the balance between synaptic 373 

currents, adaptation and external synaptic input. When synaptic and intrinsic conductances are 374 

balanced, the population demonstrates resting state activity, characterized by a flat power 375 

spectrum. When there is an imbalance between excitation and inhibition, populations start 376 

developing oscillatory rhythms associated with ictal discharges with a frequency of 3-4 Hz. 377 

However, complete loss of inhibition leads to the development of another population rhythm, 378 

pre-ictal discharges with 1 Hz frequency, controlled by adaptation and recurrent excitation. 379 

Thus the dynamic state of a neural population depends on the interplay between the intrinsic 380 

and synaptic excitability within populations as well as external synaptic input. 381 

 382 

Analysis of the population model 383 
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In order to delineate the mechanisms giving rise to the different oscillatory modes in the model, 384 

we used continuation techniques and bifurcation analysis. Since it is impossible to use the 385 

standard techniques to identify bifurcations in the presence of noise, we analyzed the model in 386 

the absence of an external input . This allowed us to compute the model behavior in the 387 

stationary regime and characterize bifurcations happening during transitions between different 388 

oscillatory regimes. The initial parameters were chosen to correspond to the resting state. The 389 

parameter variations were calculated around this point in the parameter space for , ,  390 

and  bifurcation diagrams, with other parameters held fixed. Analysis of  and  391 

variations was implemented for another parameter set, where  uS/cm2 and  392 

uS/cm2; other parameters remained the same. 393 

 394 

The frequency of seizure oscillations depends on the strength of the synaptic currents in the 395 

population model. There is a nonlinear relationship between seizure major frequency and the 396 

recurrent excitatory conductance , as shown in Fig. 3A. When the  is increased up to 2.8 397 

mS/cm2, the model responds with an oscillatory frequency near 7.5 Hz. When self-excitation is 398 

further increased up to 4 mS/cm2, seizure-related oscillations disappear since the system moves 399 

to the high activity state due to sigmoidal saturation of the transfer function, as shown in Fig. 1C 400 

and 1D. The amount of stimulation of the inhibitory population also influences the oscillatory 401 

frequency. When  is in the range from 0 to 0.29 mS/cm2, shown in Fig. 3B, the population 402 

model generates seizure activity with frequencies from 1.2 to 2.5 Hz. Note that seizure 403 

oscillations are possible even when  mS/cm2.  404 

 405 
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Inhibitory synaptic connections also affect the oscillatory frequency of seizure activity. When 406 

 is as low as ~0.6 mS/cm2, as shown in Fig. 3C, the seizure activity starts around 3 Hz; it 407 

decreases to approximately 1 Hz when  is close to zero (when  mS/cm2, there is no 408 

seizure activity in the model). The amount of recurrent inhibition also determines the seizure 409 

oscillatory frequency, as shown in Fig. 3D. Seizure activity can be initiated by sufficient self-410 

inhibition, i.e. when  is near 2 mS/cm2, seizures of 2.5 Hz are observed. When  increases, 411 

the seizure frequency decreases; for example, at 10 mS/cm2, seizure activity is approximately 412 

1.8 Hz. 413 

 414 

In the previous sections, the population model was calibrated to data for short periods of 415 

seizure activity, where the frequency was not substantially changing, as shown in Fig. 2B. Yet, 416 

one can see that in the experiment, seizure activity is not stationary and its frequency changes 417 

over time. The time course of a typical seizure is shown in Fig. 3E. Before the seizure starts there 418 

is a resting state, characterized by occasional interictal (Cohen et al., 2002) and pre-ictal 419 

discharges (Huberfeld et al., 2011). When seizure starts at 22 s, it is characterized by fast 420 

oscillations of the extracellular field in the range of 5–6 Hz in the initial phase. During the time 421 

course of seizure activity, it gradually decreases to 1 Hz frequency, and from 52 s it gradually 422 

stops.  423 

 424 

We aimed to reproduce this aspect of seizure activity using the population model, as shown in 425 

Fig. 3E. First, the model was initialized in the resting state (Fig. 2A), green trace. Second, we 426 

reduced the amount of inhibitory-to-excitatory coupling (to ) to reproduce 427 
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the seizure state, red trace. Third, we gradually reduced the coupling parameter (to 428 

) to reduce the oscillation frequency, yellow trace. Fourth, to model the 429 

slow oscillations in the end of seizure, we set the coupling parameter to zero 430 

( ), violet trace. Finally, we restored it to the original value to bring the model 431 

back to rest ( ), green trace. This example illustrates how the transition towards 432 

seizure in the population model can be achieved by varying only one parameter, the inhibitory-433 

to-excitatory coupling . 434 

 435 

To study the amplitude of pathological oscillations, we performed a bifurcation analysis and 436 

tracked changes of the average membrane potential in the excitatory population, , as shown 437 

in Fig. 4 the self-excitation conductance  (Fig. 4A). We found that increasing  leads to the 438 

development of ictal oscillations when its value increases beyond approximately 2.8 mS/cm2. 439 

During the gradual increase of , the constant steady state loses stability via the supercritical 440 

Hopf bifurcation (Izhikevich, 2007), red dot. After passing this point the neural populations start 441 

developing seizure oscillations. This activity regime is stable for large  variations, implying 442 

that seizure dynamics are possible for a large range of recurrent excitation. When  becomes 443 

higher than a critical value (more than 4.1 mS/cm2) and the system loses stability via the 444 

subcritical Hopf bifurcation, green dot. It corresponds to the high activity state with no 445 

oscillations. This happens due to the sigmoid approximation of the population rate 446 

(Johannesma, 1968), when  reaches the saturation level, as shown in Fig. 1C, D. 447 

 448 
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Second, we considered the excitatory to inhibitory conductance  (Fig. 4B). In this case, 449 

seizure activity is blocked when  is larger than 0.3 mS/cm2. If  is smaller than 0.3 mS/cm2, 450 

it leads to seizure activity via a subcritical Hopf bifurcation, green dot. Similar to the  451 

bifurcation diagram, seizure dynamics are possible for a large range of . These results show 452 

that a decrease in the excitatory conductance from excitatory to inhibitory populations is 453 

sufficient to provoke seizure activity. Note that even if  mS/cm2, the excitatory 454 

population still receives the input from the inhibitory one because potassium reversal potential 455 

is elevated. These changes in potassium reversal potential drive both excitatory and inhibitory 456 

population even if synaptic drive is not present. For example, when =0 mS/cm2 the increased 457 

potassium reversal potential still drives the inhibitory population, providing the inhibitory input 458 

to the excitatory population. It happens because it decreases the leak current thus depolarizing 459 

the membrane potential of excitatory and inhibitory neurons. Therefore, seizure oscillations are 460 

still present because inhibition is still present. Seizure frequency in this case is near 1.25 Hz (Fig. 461 

3B) and  oscillates between –61 and –25 mV. 462 

 463 

Third, we considered inhibitory-to-excitatory conductance  (Fig. 4C). When , the 464 

model shows resting state activity. This corresponds to the condition when the inhibitory 465 

population does not have any influence on the excitatory one. Experimentally this scenario is 466 

achieved when inhibitory neurotransmission is completely blocked. Therefore, in the complete 467 

absence of inhibition, seizure activity could not be generated. In turn, pre-ictal oscillations are 468 

not possible without the contribution of the external synaptic noise  when  469 

mS/cm2. When there is stochastic synaptic input, it occasionally brings the system to the 470 
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oscillatory regime associated with seizures (Fig. 2C). Then oscillations are promoted due to 471 

recurrent excitation and terminated via AHP adaptation mechanism. Thus without synaptic 472 

stimulatin of the inhibitory population, the model is incapable of seizure generation. In turn, 473 

pre-ictal oscillations do not require inhibition, but strongly depend on the recurrent excitatory-474 

to-excitatory connections , adaptation  and the external synaptic input . When 475 

inhibitory to excitatory conductance  becomes strong enough, around 0.65 mS/cm2, seizure 476 

oscillations become truncated and the system moves back to the resting state via subcritical 477 

Andronov-Hopf bifurcation, green dot. 478 

 479 

Fourth, we evaluated the role of recurrent inhibitory conductance  for seizure dynamics (Fig. 480 

4D). When there is substantial amount of self-inhibition in the inhibitory population, it leads to 481 

an increase of excitation in the whole system because of synaptic coupling. If  is above 2.1 482 

mS/cm2, it leads to the development of seizure oscillations via a supercritical Hopf bifurcation, 483 

red dot. Seizure activity in this case persists for the large variations in  variations, from 2.2 484 

until more than 10 mS/cm2. 485 

 486 

We then analyzed the effect of adaptation in the excitatory population. We found the regime in 487 

the parameter space of the model for which  becomes the critical parameter for seizure 488 

oscillations. To find this regime we slightly modified the parameter set, where =0.5 mS/cm2 489 

instead of 2 mS/cm2, corresponding to the dynamic regime where  becomes the 490 

bifurcation parameter. In this case  could substantially affect seizure oscillations. When 491 

 is in the range from 1 to 3 mS/cm2, there is a large region in the parameter space that 492 
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produces seizure oscillations. If  is larger than 3 mS/cm2, the seizure dynamics becomes 493 

truncated due to the inhibitory effect of adaptation via subcritical Andronov-Hopf bifurcation, 494 

green dot. Yet when adaptation is not strong enough,  is lower, the model demonstrates 495 

seizure oscillations. If  is lower than 1 mS/cm2, seizure oscillations become impossible and 496 

the model moves to the high activity state without oscillations via supercritical Andronov-Hopf 497 

bifurcation. Additionally, we found that in the complete absence of adaptation, seizure 498 

oscillations are still possible in the model (results not shown), but pre-ictal oscillations could not 499 

be generated because of the absence of negative feedback provided by adaptation. To be able 500 

to reproduce seizure oscillations together with pre-ictal oscillations induced by GABAA blockade, 501 

adaptation in the excitatory population is required. 502 

 503 

We further studied the critical role of  for seizure generation. It has been recently found 504 

that changes in  are associated with the rhythm generation in the hippocampus 505 

(Huberfeld et al., 2007; Cohen et al., 2002). The analysis was performed for slightly modified 506 

parameter set, where =1 mS/cm2, such that  becomes the bifurcation parameter. The 507 

other parameters remained the same. We have changed the initial parameter set to find the 508 

region of the parameter space where  could play the crucial role for oscillations. We found 509 

that when  is higher than –59mV, it leads to ictal oscillations (Fig. 4F). If  drops 510 

below –48mV, the oscillations stop. These transitions take place due to supercritical and 511 

subscritical Andronov-Hopf bifurcations. Thus, there is substantial range of  where its 512 

increase leads to the development of seizures, which might take place due to chloride 513 

accumulation before an ictal discharge (Lillis et al., 2012; Huberfeld et al., 2007). 514 
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 515 

In summary, using bifurcation analysis, we characterized the parameter regions of the model 516 

where seizure oscillations could take place. We found that transitions from seizure to rest and 517 

from rest to seizure take place via supercritical and subcritical Andronov-Hopf bifurcations. In all 518 

studied cases we found that resting and oscillatory solutions exist for large parameter 519 

variations, implying the stability of found solutions (Prinz et al., 2004; Marder et al., 2011). We 520 

showed that variations of synaptic , , ,  and intrinsic conductances  could 521 

bring the system towards seizure and move it back to the resting state. It implies that 522 

combination of reccurent synaptic currents and spike-frequency adaptation in the excitatory 523 

population accounts for the transitions between seizure and resting states. 524 

 525 

Discussion 526 

The objective of this study was to investigate the role of intrinsic excitability and inhibition as 527 

mechanisms of seizure dynamics. We constructed a novel neural mass model, consisting of 528 

interacting excitatory and inhibitory neural populations driven by external synaptic input. By 529 

comparing the model with the LFP data from human hippocampal/subicular slices, we found 530 

that it could accurately represent resting states, ictal discharges, and pre-ictal oscillations after 531 

the blockade of inhibition (Huberfeld et al., 2011). Analysis of the model showed that synaptic 532 

and intrinsic conductances play the most crucial role for transitions between resting and seizure 533 

activity. By analyzing the parameter space of the model we found the oscillatory regimes 534 

specific for the resting state and seizure dynamics, and found that transitions between these 535 

regimes take place via subcritical and supercritical Andronov-Hopf bifurcations. 536 
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 537 

Starting with the pioneering work of Wilson and Cowan (Wilson et al., 1972), neural mass 538 

models have traditionally aimed to reduce the complexity of neural dynamics towards 539 

interactions between excitation and inhibition. This approach has been validated in multiple 540 

studies for describing the large-scale brain activity patterns (Jirsa et al., 2010). Additionally, it 541 

has been shown that intrinsic properties of single neurons such as spike-frequency adaptation 542 

(Fröhlich et al., 2008) substantially change spiking patterns and thus neural dynamics (Buchin et 543 

al., 2016; Bazhenov et al., 2004; Kager et al. 2000). So far these types of interactions have not 544 

been explicitly taken into account in neural mass models. 545 

 546 

In this work we developed a novel mass model by adding AHP currents (Buchin et al., 2010) to 547 

the excitatory population. This allowed to efficiently take into account not only seizure and 548 

resting state dynamics (Wendling et al., 2012), but also pre-ictal oscillations. In our model 549 

seizure activity takes place due to imbalance between self-excitation, adaptation and inhibition. 550 

We found that reducing the amount of inhibition to the excitatory population provokes seizure 551 

activity. Nonetheless, inhibition plays an important role in orchestrating seizures as well (Fig. 552 

2B). We found that the complete lack of inhibition leads to the development of slow oscillations 553 

with significantly different frequency content than seizures (Fig. 2C). Thus, we propose that 554 

inhibition, together with single neuron intrinsic properties provided by adaptation, plays an 555 

important role controlling the seizure dynamics. 556 

 557 
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We have investigated multiple mechanisms responsible for generation of seizure activity. In the 558 

proposed model, seizure oscillations could be generated by increased recurrent excitation  559 

, decreased excitation of the inhibitory population , decreased inhibition of the excitatory 560 

population , increased recurrent inhibition in the inhibitory population . Changes in the 561 

intrinsic excitability of the excitatory population such as decrease of intrinsic adaptation  562 

and increase of the GABAA reversal potential  could also lead to seizure oscillations. We 563 

speculate that various physiological parameters combinations could lead to seizure activity, as 564 

found by Jirsa et al. (2014). The combination of multiple factors such as increased chloride 565 

concentration in the pyramidal cells and GABAA reversal (Buchin et al., 2016; Huberfeld et al., 566 

2011; Lillis et al., 2013), together with an increase in extracellular potassium concentrations 567 

(Bazhenov et al., 2004; Krishnan et al., 2011) and decreased activity of interneurons (Ziburkus et 568 

al., 2006), all contribute to seizure initiation. Combination of these factors and their relative 569 

contribution should be evaluated via further experiments and modeling. 570 

 571 

Adaptation on the single neuron level could be achieved by calcium-dependent potassium 572 

currents (Bazhenov et al., 2004, Jung et al. 2001). In our model, AHP is the key mechanism for 573 

termination of population bursts during seizure oscillations (Fig. 2B) and pre-ictal discharges 574 

(Fig. 2C). The alternative potential mechanism of termination of these bursts are GABAB 575 

currents provided by the inhibitory population (de la Prida et al. 2006). We predict that in the 576 

complete absence of the inhibitory neurotransmission including GABAA and GABAB synapses, 577 

the purely excitatory network in the epileptogenic slice of human subiculum would be capable 578 

of generating self-sustained pre-ictal oscillations due to negative feedback provided by AHP 579 
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(Ratnadurai-Giridharan et al., 2014) and other intrinsic adaptation currents. Therefore the 580 

downregulation of excitatory neuronal adaptation currents such as AHP and/or functionally 581 

similar muscarinic-sensitive potassium currents (Stiefel et al., 2008) could lead to seizure 582 

initiation. According to the model the pharmacological strategy aiming to increase the amount 583 

of adaptation in the excitatory population would lead to the decreased susceptibility towards 584 

seizures. 585 

 586 

GABAB inhibition could also participate for the termination of population bursts. As shown by 587 

(de la Prida et al. 2006), the joint blockade of GABAA receptors by PTX and GABAB receptors by 588 

CGP led to generation of all-or-none population bursts in CA3 mouse hippocampal slices. In our 589 

experiments we did not test for the possibility that GABAB could participate for the pre-ictal 590 

discharge termination. Further experiments are needed to divide the contributions of GABAB 591 

and AHP for the burst termination. 592 

 593 

Note that oscillations in the slice switched from ictal discharges to pre-ictal ones after full 594 

GABAA blockage. This transition was possible only if seizures were already established in the 595 

slice (Huberfeld et al., 2011). It implies that there are excitability and synaptic plasticity changes 596 

in the slice associated with seizures before the pre-ictal discharges could be established using 597 

complete GABAA blockade. When GABAA blockers were applied before first seizure being 598 

generated, the pre-ictal and ictal oscillations were not established (Huberfeld et al., 2011). 599 

 600 



 

 28 

Our model has several limitations compared to existing approaches (Wendling et al., 2012; Jirsa 601 

et al., 2014; Molaee-Ardekani et al., 2010). First, it is unable to describe the pre-ictal discharges 602 

taking place before seizure. The work of (Buchin et al., 2016) proposes a network explanation of 603 

pre-ictal discharges that take place before seizure transition (Huberfeld et al., 2011). To describe 604 

this activity, it was necessary to take into account the heterogeneity in the excitatory population 605 

caused by depolarizing GABA, while in the current model we did not take it into account. 606 

Therefore, pre-ictal discharges in our model could be generated only in the absence of 607 

inhibitory population. Second, particular features such as high frequency oscillations (Engel et 608 

al., 2009) relevant for seizure initiation (Quilichini et al., 2012) are not captured in our model. 609 

We speculate that this property could be taken into account by incorporating fast somatic and 610 

slow dendritic inhibition (Wendling et al., 2012). Third, our model is also unable to describe the 611 

interictal discharges, which have been explained in the other population models (Wendling et 612 

al., 2012; Chizhov et al., 2017). It has been found that interictal discharges in human subiculum 613 

require initial interneuron activation. Since in our model we impose the background synaptic 614 

input onto the excitatory population, the pyramidal cells are always activated before 615 

interneurons. It has been recently proposed in (Chizhov et al., 2017) that the interneuron 616 

population should receive background synaptic input, which would allow the reproduction of 617 

interictal discharges in neural mass models. 618 

 619 

Pre-ictal discharges are generated before seizure initiation and in the absence of inhibition 620 

when seizures have been established in the slice (Huberfeld et al., 2011). These oscillations are 621 

still generated in the absence of inhibitory population (Fig. 2C). Using the model, we show that 622 
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in this case the background synaptic input to the excitatory population  is necessary to 623 

generate the periodic pre-ictal oscillations. When  is absent, there are no pre-ictal 624 

discharges in the model, Fig. 3C. We speculate that before seizure initiation the interneurons 625 

are becoming non-functional because of depolarization block (Ziburkus et al., 2006) and GABAA 626 

reversal (Lillis et al., 2013) thus allowing the pre-ictal discharges to be generated before seizure 627 

initiation (Huberfeld et al., 2011). The proposed model could explain the presence of pre-ictal 628 

discharges only in the complete absence of inhibition, Fig. 2C. The possibility of pre-ictal 629 

discharge generation before seizure due to non-functional inhibition could be investigated in 630 

the future studies. 631 

 632 

During seizures or ictal discharges, the frequency content of spiking activity might substantially 633 

change (Fig. 3E). This can be explained using the current model as due to the gradual increase of 634 

recurrent excitation  (Fig. 3A) or the increase of recurrent inhibition . Note that the 635 

frequency content of seizure oscillations in the end of it might be similar to the pre-ictal 636 

discharges (Fig. 2C, Fig. 3E). However, pre-ictal oscillations are possible in the model only in the 637 

absence of inhibition (Fig. 2C), as in the experimental data when the GABAA synaptic activity is 638 

completely blocked. 639 

 640 

The primary advantage of our model compared to more abstract ones such as Jirsa et al. (2014) 641 

is that it provides more firm biophysical explanations linking single neuron properties to 642 

population dynamics (Gerstner et al., 2002; Johannesma, 1968; Chizhov et al., 2007). Our 643 

approach could be extended to take into account the shunting effect of inhibition by adjusting 644 
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the firing rate transfer function (Chizhov et al., 2013). To describe the additional mechanisms of 645 

seizure transition, the present model could include slow activity-dependent parameter changes 646 

similar to (Chizhov et al., 2018; Proix et al., 2014, Bartolomei et al., 2014; Ullah et al., 2009; 647 

Cressman et al., 2009). There are multiple biophysical mechanisms that could play the role of 648 

slow variable bringing the network towards seizure (Naze et al., 2015), including dynamic ion 649 

concentration of extracellular potassium (Bazhenov et al., 2004), intracellular chloride (Buchin 650 

et al., 2016, Jedlicka et al., 2011), and intracellular sodium (Krishnan et al., 2011, Karus et al., 651 

2015) in pyramidal cells. The population model could be further modified to incorporate these 652 

slow mechanisms to describe seizure initiation. 653 

 654 

A common problem with neural mass models in general is their limited ability to generate the 655 

experimentally measurable signals (Lytton, 2009). In this work we used the average voltage of 656 

the excitatory neural population as the approximation of the LFP signal near the neurons’ somas 657 

(Ratnadurai-Giridharan et al., 2014). Given the distant-dependence of the LFP signal, the current 658 

model should be considered only as a first approximation (Buzsáki et al., 2012). More detailed 659 

approaches describing populations of two-compartmental neurons (Chizhov, 2013, Chizhov et 660 

al., 2015) could also provide better approximation for the LFP. 661 

 662 

Epilepsy is a complex phenomenon involving the dynamic interactions between multiple 663 

components of the nervous system (Lytton, 2008, Bartolomei et al., 2014). In this work we have 664 

investigated the particular role of inhibition and adaptation and their implications for seizure 665 

dynamics. Reconciling modeling results with experimental data, we have shown that seizure 666 
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activity cannot be generated in the complete absence of the inhibitory population and adaption 667 

in the excitatory population. Further development of theoretical and experimental approaches 668 

in epilepsy research may lead to a better understanding of its mechanisms and the development 669 

of new therapeutic targets. 670 

 671 
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 827 

Figure 1. Structure of the population model. 828 

(A) Scheme of interacting neural populations. E, I – excitatory and inhibitory populations. , 829 

 – excitatory to excitatory and excitatory to inhibitory maximal conductances. ,  – 830 

inhibitory-to-inhibitory and inhibitory-to-excitatory maximal conductances.  – synaptic 831 

noise input to the excitatory population. AHP – after hyperpolarization current (Buchin et al., 832 

2010). (B) LFP model: - contribution of a single excitatory cell, N – the number of neurons,  833 

- the average membrane potential in the excitatory population. (C, D) Sigmoid approximation of 834 

potential-to-rate function (Johannesma, 1968) of the excitatory (C) and inhibitory population 835 

(D). 836 

837 



 

 40 

 838 

Figure 2. Neural mass model in various excitatory regimes. 839 

(A) Activity of a neural population in the resting state. (B) Seizure state. (C) Disinhibited state. 840 

LFP is present together with intracellular recording from the pyramidal cell. Each plot contains 841 

the model scheme, power spectrum and time traces provided by the excitatory population  842 

as well as experimental LFP. Red traces correspond to the model, blue traces to the experiment, 843 

and green traces to the intracellular recordings from the pyramidal cells. Model parameters for 844 

(A): =1.5 uS/cm2; =1 uS/cm2; =2 uS/cm2; =0.2 uS/cm2; =1.6 uS/cm2; (B): 845 

=1.5 uS/cm2; =1 uS/cm2; =0.5 uS/cm2; =0.2 uS/cm2; =1.6 uS/cm2; (C): =1.5 846 

uS/cm2; =1 uS/cm2; =0 uS/cm2; =0.2 uS/cm2; =1.6 uS/cm2. 847 
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Figure 3. Oscillatory frequencies of the population model. 850 

(A–D) Oscillatory frequencies of the population model in the absence of the synaptic noise 851 

( =0) as a function of the synaptic gain, . (E) Simultaneous intracellular 852 

recording from single pyramidal cell, LFP and population model during transition from the 853 

resting state towards seizure. States marked by dotted lines. The green trace corresponds to the 854 

model’s resting state (Fig. 2A, ); red corresponds to early seizure (Fig 2B, 855 

); yellow corresponds to late seizure ( ); and purple 856 

corresponds to the disinhibition state (Fig. 2C, ). 857 

858 
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 859 

Figure 4. Analysis of the population model. 860 

(A–D) Bifurcation diagrams for the variations of the maximal synaptic conductances, including 861 

recurrent excitation  , excitation from excitatory to inhibitory population , inhibition from 862 

inhibitory to excitatory population , and the recurrent inhibition in the inhibitory population 863 

, respectively. (E, F) Bifurcation diagrams for adaptation in the excitatory population  864 
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and GABA reversal potential  from the inhibitory-to-excitatory connection, 865 

. Diagrams A–D were calculated for =2 S/cm2; E, 0.5 S/cm2; and F, 866 

1 S/cm2. The value of  characterizes the average membrane potential in the resting state 867 

and maximal/minimal values of  during the oscillations. Red and green dots correspond to 868 

the supercritical and subcritical Andronov-Hopf bifurcations. Solid and dotted lines depict the 869 

stable and unstable solutions. 870 

871 
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Table 1. Population model parameters 872 

Excitatory population 873 

Parameter Value Interpretation 

 1 μF/cm2 Membrane capacitance (Buchin et al., 

2010) 

 0.02 μS/cm2 Sodium leak conductance (Krishnan et 

al., 2011) 

 0.044 μS/cm2 Potassium leak conductance (Krishnan 

et al., 2011) 

 0.01 μS/cm2 Chloride leak conductance (Krishnan 

& Bazhenov, 2011) 

 1.6 μS/cm2 AHP-current conductance (Buchin et 

al., 2010) 

 1.5 μS/cm2 Excitatory-to-excitatory conductance 

 1 μS/cm2 Excitatory-to-inhibitory conductance 

 2; 0.5; 1 μS/cm2 Inhibitory-to-excitatory conductance 

 0.2 μS/cm2 Inhibitory-to-inhibitory conductance 

 –65 mV Reset membrane potential (Buchin et 

al., 2010; Chizhov et al., 2007) 

 –55 mV Threshold membrane potential 

(Buchin et al., 2010; Chizhov et al., 
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2007) 

 2.84×104 Sigmoid fit parameter 

 0.19 mV-1 Sigmoid fit parameter 

 1.23×104 Sigmoid fit parameter 

 –10 mV Sigmoid fit parameter 

 3 μA/cm2 Input current variance 

 5.4 ms AMPA current correlation time 

(Buchin et al., 2016) 

 4 mV Membrane potential dispersion 

 50 mV Sodium reversal potential (Krishnan et 

al., 2011) 

 –75 mV Potassium reversal potential (Krishnan 

et al., 2011) 

 –93 mV Chloride reversal potential (Krishnan 

et al., 2011) 

 –75 mV GABA reversal potential (Huberfeld et 

al., 2007) 

 0 mV AMPA reversal potential (Brunel et al., 

2001) 

 –70 mV AHP reversal potential (Brunel et al., 

2001) 
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 1 ms AHP rise time (Brunel et al., 2001) 

 320 ms AHP decay time (Brunel et al., 2001) 

 1 ms AMPA rise time (Chizhov 2002) 

 5.4 ms AMPA decay time (Chizhov 2002) 

 874 

Inhibitory population 875 

Parameter Value Interpretation 

 1 μF/cm2 Membrane capacitance (Buchin et al., 

2010) 

 0.02 μF/cm2 Sodium leak conductance (Krishnan et 

al., 2011) 

 0.04 μF/cm2 Potassium leak conductance (Krishnan 

et al., 2011) 

 0.03 μF/cm2 Chloride leak conductance (Krishnan 

et al., 2011) 

 2 μF/cm2 Inhibitory-excitatory synaptic 

conductance 

 0.2 μF/cm2 Excitatory-inhibitory synaptic 

conductance 

 –65 mV Reset membrane potential 

 –55 mV Threshold membrane potential 
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 2.84×104 Sigmoid fit parameter 

 0.19 mV-1 Sigmoid fit parameter 

 1.23x104 Sigmoid fit parameter 

 –10 mV Sigmoid fit parameter 

 4 mV Membrane potential dispersion 

 50 mV Sodium reversal potential (Krishnan et 

al., 2011) 

 –75 mV Potassium reversal potential 

(Krishnanet al., 2011) 

 –82 mV Chloride reversal potential (Krishnan 

et al., 2011) 

 8.3 ms GABA-A decay time (Chizhov et al., 

2002) 

 0.2 ms GABA-A rise time (Chizhov, 2002) 

 876 

877 
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Table 2. Population model variables 878 

Variable Interpretation 

, mV Average membrane potential of the excitatory 

population 

, mV Average membrane potential of the inhibitory 

population 

 Excitatory population synaptic gating variable 

 Inhibitory population synaptic gating variable 

 Excitatory population adaptation gating 

variable 

, μA/cm2 Random excitatory input 

, Hz Firing rate of the excitatory population 

, Hz Firing rate of the inhibitory population 

 879 

880 
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Table 3. Power spectrum analysis 881 

 Model, peak 

amplitude, Hz 

Experiment, peak 

amplitude, Hz 

Model, 

spectrum 

linear fit, 1/Hz 

Experiment, 

spectrum 

linear fit, 1/Hz 

Rest - - -0.005; -0.002 -0.005; -0.002 

Seizure 3.01; 3.52 2.95; 3.75 -0.005; -0.002 -0.003; -0.002 

Pre-ictal state 1.33; 1.43 1.21; 1.79 -0.007; -0.003 -0.01; -0.008 

 882 

 883 
 884 

The code is available as Extended Data 885 
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