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Abstract

Objective—Traditional hippocampal modeling has focused on the series of feedforward synapses
known as the trisynaptic pathway. However, feedback connections from CA1 back to the
hippocampus through the Entorhinal Cortex (EC) actually make the hippocampus a closed-loop
system. By constructing a functional closed-loop model of the hippocampus, one may learn how
both physiological and epileptic oscillations emerge and design efficient neurostimulation patterns
to abate such oscillations.

Approach—~Point process input-output models where estimated from recorded rodent
hippocampal data to describe the nonlinear dynamical transformation from CA3—CAL, via the
Schaffer-Collateral synapse, and CA1—CAZ3 via the EC. Each Volterra-like subsystem was
composed of linear dynamics (Principal Dynamic Modes) followed by static nonlinearities. The
two subsystems were then wired together to produce the full closed-loop model of the
hippocampus.

Main Results—Closed-loop connectivity was found to be necessary for the emergence of theta
resonances as seen in recorded data, thus validating the model. The model was then used to
identify frequency parameters for the design of neurostimulation patterns to abate seizures.

Significance—DBS is a new and promising therapy for intractable seizures. Currently, there is
no efficient way to determine optimal frequency parameters for DBS, or even whether periodic or
broadband stimuli are optimal. Data-based computational models have the potential to be used as a
testbed for designing optimal DBS patterns for individual patients. However, in order for these
models to be successful they must incorporate the complex closed-loop structure of the seizure
focus. This study serves as a proof-of-concept of using such models to design efficient
personalized DBS patterns for epilepsy.

1 Introduction

The hippocampus is amongst the most studied of brain regions and has been implicated
extensively in physiological functions of learning and memory as well as pathologies such as
Alzheimer's disease and Epilepsy. Traditionally, information processing through the
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hippocampus has been viewed in the context of the trisynaptic pathway, a series of
feedforward synapses from the entorhinal cortex (EC) through the Dentate Gyrus and area
CA3to area CAL. However, there has long been evidence to support the notion that CA1
may also causally influence CA3 (see Fig. 1). Deadwyler et al. (1975) was the first to show
that population spikes from the hippocampus may reenter the hippocampus via the EC, thus
giving the first physiological evidence of a functioning hippocampal-entorhinal loop. Since
then, multiple anatomical and physiological studies have elucidated the complex
interconnected nested-loop nature of the hippocampal-entorhinal formation (Finch et al.,
1986; Buzsaki, 1989; Tamamaki and Nojyo, 1995; lijima et al., 1996; Kloosterman et al.,
2004; Bartesaghi et al., 2006). Our group has recently shown that there exists a significant
predictive relationship between single neurons from area CA1 to area CA3 in the rodent
hippocampus (Sandler et al., 2014). Furthermore, many studies have proposed the
hippocampal-entorhinal loop may serve as the anatomical substrate for the uncontrolled
network oscillations which characterize seizures (Pare et al., 1992; Stringer and Lothman,
1992; Nagao et al., 1996; Barbarosie and Avoli, 1997; Boido et al., 2014). Finally, the
hippocampal-entorhinal loop has been suggested to support the sort of reverberatory activity
which has been theorized to be necessary for working memory, a well-known function of the
hippocampus (Hebb, 1949; Fuster, 2000; Kloosterman et al., 2004)

Past work by our group has led to the development of several nonlinear nonparametric
predictive models of the transformation of action potential activity from the CA3 to the CAl
region of the rodent hippocampus (Song et al., 2007; Zanos et al., 2008; Song et al., 2009a;
Marmarelis et al., 2009; Sandler et al., 2015). Most recently, we have utilized the concept of
Principal Dynamic Modes (PDMs) to achieve a more compact representation of our model
and to facilitate its physiological interpretation (Marmarelis et al., 2013a, 2014; Sandler and
Marmarelis, in press). These ‘open-loop’ models have been validated both computationally
and experimentally in the context of hippocampal neuroprosthetics (Song et al., 2007;
Berger et al., 2012; Hampson et al., 2012).

Although much attention has been given to quantitatively understanding the CA3—CA1
dynamical transformation, almost no work has been done to quantitatively understand the
CA1—CA3 dynamical transformation and the resulting hippocampal closed-loop. Here we
propose a nonparametric closed-loop point-process (CLPP) model of the hippocampal-
entorhinal formation. The closed-loop model is composed of two bidirectionally connected
‘open-loop’ PDM-based subsystems which model the nonlinear dynamical transformation
from CA3—CAL and CA1—CA3. The purpose of the closed-loop model is not to
accurately predict the output time-series, as is the case with the aforementioned open-loop
models, but rather to study the phenomena which emerge from the closed-loop network
configuration. For example, the response of the system to external perturbation involves not
only the feedforward transformation from CA3—CAL, but also to loop effects arising from
the CA1—CAZ3 feedback connection. Thus, even a highly predictive open-loop model may
prove misleading when examining this issue due to its lack of feedback connectivity.

Once the closed-loop system is estimated from real hippocampal data, it is used to model
‘in-silico’ the effects of externally stimulating imposed the hippocampal-entorhinal system
with arbitrarily designed stimulation patterns. It was found that under broadband (Poisson)
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stimulation, theta resonant modes emerged only in the closed-loop system, and not in the
open loop system, suggesting that closed-loop connectivity is essential for strong network
oscillations to occur. The response of the system was then analyzed for random narrowband
spike trains of various frequencies. It was found that high-theta/low-alpha stimulation (6-14
Hz) greatly increased output activity, while delta (<5 Hz) and low gamma (30 Hz)
significantly reduced it. We suggest that such a model may prove useful in designing
efficient neurostimulation patterns which aim to abate the uncontrolled network oscillations
which characterize seizures. Some of these results were presented previously in the form of
a conference paper (Sandler et al., 2013).

2.1 Experimental Protocols & Data Preprocessing

A Male Long-Evans rat was trained to criterion on a two lever, spatial Delayed-NonMatch-
to-Sample (DNMS) task. Spike trains were recorded in-vivo with multi-electrode arrays
implanted in the CA3 and CAL1 regions of the hippocampus during performance of the task.
These experiments were conducted in the labs of Dr. Deadwyler and Dr. Hampson at Wake-
Forest University and have been described in detail in our previous publications (Hampson
et al., 2012). Only neural activity from trials where the rat successfully completed the
DNMS task was used. Spikes were sorted, time-stamped, and discretized using a 12 ms bin.
Spike train data from 1s before to 3s after the sample presentation phase of the DNMS task
was extracted and concatenated into one time series.

2.2 Closed-Loop Point-Process (CLPP) Model

The closed-loop model of the reciprocal relation between the CA1 and CAS3 regions is
configured as shown in Fig. 1e. It involves two input-output PDM-based subsystems,
CA3—CA1 and CA1—CA3, (see section 2.3 below) which are reciprocally connected. It
also involves two external disturbances, el and €3, that are the model-prediction residuals of
the two input-output models. These disturbances correspond to the exogenous inputs to the
closed-loop model that are not accounted for by the two input-output subsystems.

Thus, el represents all non-CA3 inputs to CA1, such as the direct pathway from EC to CAl
(YYeckel and Berger, 1990; Jones, 1993). Likewise, €3 represents inputs entering the system
between CAL and CA3 - e.g. from the prefrontal cortex and septum (Buzsaki, 1996; Colom,
2006). These external disturbances combine with the respective subsystem outputs, CAlp
and CA3p, to form the inputs for the subsequent subsystem, CA1m and CA3m. Note that
physiologically, CA3p and CAlp, the subsystem outputs, correspond to the spike activity in
CA3 and CA1 which is caused by feedback connections from CA1 and CA3, respectively.
Thus, CA3m and CA1m, being the sum of feedback and exogenous spikes, correspond to
the spike train signals one would measure experimentally. Essentially, our model
decomposes the recorded CA3/CAL activity into endogenous activity arising from the
closed-loop nonlinear dynamics (CA3p and CAlp) and exogenous activity arising from
external inputs (e3 and el). Thus, once the CLPP model is estimated from real data, it can be
stimulated with any arbitrary exogenous signals, while preserving the endogenous dynamics.
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In the beginning of each simulation, all of the signals were initialized based on real data, and
then CA3m was fed through the CA3—CA1 subsystem to obtain an updated value for
CAlp. Then, in order to ‘skip-ahead’, or move up one time step each iteration, the last
element of the updated CAlp was concatenated onto the previous CA1p signal This process
was then repeated for each iteration of the simulation.

To see which results arise purely from the closed-loop structure of our model, as opposed to
the nonlinear dynamics of either of the component subsystems, an open-loop model, as
shown in Fig. 2, was also analyzed. In the open-loop model, the connections between the
two subsystems were severed, such that stimulating the open-loop model is equivalent to
stimulating both subsystems in isolation.

2.3 Feedforward Input-Output Models

Two \olterra-like PDM models (see Fig.3 were used to describe the spike train
transformations from CA3 to CA1 (via the Schaffer collateral pathway) and from CA1 to
CA3 (via the subiculum, entorhinal cortex, and dendate gyrus) (Marmarelis et al., 2013a). In
the PDM-based model, the input signal is first convolved with L linear filters (the PDMs)
and the PDM outputs are transformed through static nonlinearities, termed the Associated
Nonlinear Functions (ANFs). The sum of the ANF outputs is fed into a Threshold -Trigger
operator that generates an output spike if its input exceeds a fixed threshold value. The
PDMs can be understood as a system-specific basis of functions that efficiently describe the
system dynamics. The ANFs represent the conditional probability of an output spike given a
specific PDM input value and can be viewed as ‘link functions’ connecting a given PDM
with the pre-threshold output. Thus, PDMs with larger amplitude ANFs make more
significant contributions to the output. Input-output spike data were used to estimate all parts
of the model with methods previously reported (Marmarelis et al., 2013a).

For the same input, the CLPP system will generate a much higher MFR output than its open-
loop correlate. This occurs due to the binary nature of the CLPP system; namely, the
subsystems may only have excitatory outputs (ie ‘positive’ spikes) and not inhibitory outputs
(ie negative spikes). Thus, in closed-loop mode, the input to each subsystem will not only be
the exogenous input, but also additional spikes from the other subsystem, which will lead to
more spikes in the output. In order to maintain signals with physiologically plausible MFRs,
the thresholds of the subsystems were raised relative to open-loop conditions. The open-loop
‘reference’ threshold was calculated to maximize true positive spikes while minimizing false
negative spikes according to the methods defined previously in Marmarelis et al. (2013a).

The predictive power of the models was visualized using Receiver Operating Characteristic
(ROC) curves, which plot the true positive rate against the false positive rate over the
putative range of threshold values for the continuous output, y (Zanos et al., 2008). The area
under the curve (AUC) of the ROC plots was used as a performance metric of the models,
and has been shown to be equivalent to the Mann-Whitney two sample statistic (Hanley and
McNeil, 1982). The AUC ranges from 0 to 1, with 0.5 indicating a random predictor and
higher values indicating better model performance. The AUC metric was chosen as it
measures the similarity between a continuous ‘prethreshold’ signal and a spike train, thus
allowing us to avoid the somewhat arbitrary process of choosing a threshold trigger value.
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Monte Carlo simulations were used to test the null hypothesis that the given CA3 (or CAl)
neuron can predict the output CA1 (or CA3) neuron's spiketimes significantly better than a
random neuron of the same MFR (see Sandler et al. (2014) for more info). If the null
hypotheses could be rejected with > 99% confidence, we can conclude that the two neurons
under question are indeed bidirectionally connected, thus warranting closed-loop analysis.

In the Volterra-PDM model, the domain of each ANF is limited by the power of the input
used to estimate the model. This can be seen by examining the domain of each ANF, which
spans a finite interval whose endpoints are determined by the maximum/minimum value of
its respective PDM input. This presents a problem in the CLPP model, where at each
iteration the \olterra-PDM subsystems are fed a new input which cannot be predicted at the
outset of the simulation. Thus, there exists the possibility that the PDM outputs / ANF inputs
will exceed the domain of the ANFs, and thus the domain of the Volterra-PDM subsystem.
To overcome this issue, the ANFs were extended in both directions by the mean of their last
two endpoints.

In order to examine the emergent properties of CLPP systems, ‘barebones’ synthetic systems
were also analyzed where “‘ground truth’ was available. These systems reduced the
complexity of a full Volterra-PDM system by (1) excluding ANFs, making the threshold
trigger the only nonlinearity, (2) Having only one PDM, and (3) having the two subsystems
of the CLPP system to be equivalent.

Narrowband Spike-Train Generation

To generate random narrowband (RNB) spike-train disturbances centered around a given
frequency, 7, the following algorithm was used: first, a broadband (Poisson) spike train with
a given MFR was generated. Then the spike train was filtered through a butterworth
bandpass filter with a passband of 4 Hz centered around £. The filter output (a continuous
signal) was then thresholded to generate the final narrowband spike train. The threshold
value was selected such that the MFR of the output narrowband spike trains was equivalent
to that of the original broadband spike train. An example of a narrowband spike train is
shown in Fig. 2.4b (top row). Note that unlike classical linear filters, the harmonics of f will
also appear to varying degrees due to the nonlinearity of the threshold operator. To our
knowledge, this useful and efficient method of attaining narrowband spike trains has not
been previously discussed in the literature.

3.1 Estimated Volterra-PDM subsystems

The estimated Volterra-PDM subsystems for CA3—CA1 and CA1—CA3 appear in Fig. 4.
It was found that a set of 3 PDMs (with 3 corresponding ANFs and a threshold value) is
sufficient for each input-output subsystem. The ROC plots shown in Fig. 5A indicate that
both models have roughly the same predictive capability. Furthermore, using Monte Carlo
simulations, it was found that both neurons are indeed bidirectionally connected (P < .0001
in both cases, see Fig. 5B,C). This result is corroborated by our previous study where it was
found that the CA1—CA3 predictive power was roughly equivalent to the CA3—CAL1
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predictive power (Sandler et al., 2014). Although this result may seem surprising given the
greater number of synapses and exogenous inputs going from CA1 to CA3, as compared to
going from CA3 to CA1, it should be noted that anatomical connectivity is only one aspect
of predictive power, which is also influenced by connection ‘impact’ and unobserved inputs
(see section 4.2). We note that the frequency-domain representations of the PDMs exhibit
spectral peaks in the theta (4-8 Hz) and delta (<4 Hz) bands. These peaks were found to be
critical in defining the resonant characteristics of the closed-loop model. Similar results
linking the PDM spectral peaks with the celebrated cerebral rhythms were previously
obtained in the primate neocortex (Marmarelis et al., 2013a, 2014).

3.2 Stimulation with Model Prediction Residuals

In order to better illustrate the role of the disturbances and intraloop signals in the CLPP
model, model prediction residuals were first used to stimulate the estimated CLPP system.
The residuals were defined as:

e3=CA3 — CA3, (1)

e;=CAl — CAl, )

where CA3/CAL are the actual recorded spike trains and CA3p/CALlp are the subsystem
predictions. The results are shown in Fig. 6. In this formulation the \olterra-PDM
subsystems capture the essential endogenous nonlinear dynamics between the two neurons,
while the residuals represent exogenous disturbances that drive the CLPP system. It should
be noted that e3 and el are tertiary signals, with 1 indicating a false negative and -1
indicating a false positive in the model predictions. Physiologically, the -1 values are viewed
as exogenous inhibitory signals which prevent an output spike. Since in this case the
exogenous inputs are the open-loop residuals, the measured signals (CA3m and CAlm) are
by definition equivalent to the recorded signals CA3p and CAlp.

3.3 Stimulation with Random Poisson Inputs

The operation of the CLPP model can be stimulated with any chosen external disturbances,
and not just the empirical residuals (as done above), to examine its response characteristics.
Here, the spectral characteristics of the CLPP model were examined through stimulation
with two independent random broadband (Poisson) disturbances. The resulting CLPP intra-
loop spike trains (shown in Fig. 7) were found to exhibit theta band oscillations, which were
present in our recorded CAS3 spike train and are known to be prevalent in the rodent
hippocampus (Buzsaki, 2002; Colgin, 2013). The thresholds of the CLPP subsystems were
chosen as to minimize theta resonances in CA1 while maintaining them in CA3, as was
observed in real data (see section 3.4). It should be emphasized that these resonant modes
emerge purely from the nonlinear dynamical nature of our model and not through any of the
inputs, which are broadband.
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To distinguish whether the emergent resonant modes arise from any of the individual
subsystems or from the closed-loop configuration of our model (e.g. the specific
connectivity of the two subsystems) the open-loop version of our model (Fig. 2) was
stimulated using the same broadband spike trains. The results, shown in Fig. 8, show that
while the open-loop model can produce very weak theta oscillations, only the full closed
loop model can produce the strong theta, and to a lower extend delta, oscillations shown in
actual CA3 recordings. The fact that strong theta and delta oscillations are an emergent
characteristic of the closed-loop model of the hippocampus, and not the open-loop model,
represents a key finding of our study and constitutes a means of validating the CLPP model
and its potential utility.

In order to examine how the specific characteristics of the resonant modes emerge from the
\olterra-PDM subsystems, simple ‘barebones’ synthetic subsystems were analyzed (see
methods). A CLPP system was constructed where both subsystems were identical and
consisted only of a single PDM and a threshold trigger (without an ANF). The single PDM,
shown in Fig. 9a, consisted of a cosine function of frequency, . When this system was
stimulated with Poisson spike trains, the CLPP output signals (CA3m, CA1m) were found to
have resonant modes exactly at the PDM frequency % (Fig. 9b). Furthermore, if the PDM
had no resonant peak, there were no corresponding resonant peaks in the CLPP output
signals (results not shown). These results, which were obtained over several values of 7
(Fig. 9c), show that the emergent resonant modes are intimately linked to the PDM spectral
peaks, which represent the unique dynamical properties of each subsystem.

It should be noted that a well established result of linear systems theory states that the output
of a linear system in the frequency domain is the product of the system transfer function and
the input in the frequency domain ( Y(w) = H(w)* X(w)). Our result extends the essence of
this result to spike train systems where the output goes through a highly nonlinear
thresholding operation (Marmarelis et al., 1986). Empirically, the main difference of our
point-process system and linear systems is the addition of harmonics caused by the
thresholding operation. In the synthetic cosine system, these harmonics are odd-integer
multiples of % and can be seen in Fig. 9b,c. It should be noted that such harmonics have
been observed in electrophysiological experiments (Leung and Yu, 1998).

3.4 Affect of Trigger Threshold on Resonant Modes

Several researchers have pointed out that the baseline and threshold potential in individual
neurons and neuronal populations are not static but rather both dynamical, varying with the
neuron's past spiking activity, and nonstationary, varying over time due to a variety of
external factors (Lu et al., 2012). Furthermore, it has been shown that the baseline potential
is significant for the development of spontaneous cellular oscillations such as theta (Fricker
etal., 1999). In our subsystem models, the baseline potential and threshold potential are both
encapsulated in the threshold trigger. The CLPP output resonant mode power was calculated
for identical broadband inputs over several values of the threshold trigger parameters of both
subsystems, as shown in Fig. 10. Threshold values were presented as percentage deviations
from the reference threshold value, which was defined in section 2.3. It can be seen that the
threshold value can either facilitate or inhibit the emergent theta resonant mode in either
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subsystem. Furthermore, the same threshold value can affect CA3 and CA1 differently. This
modulating effect of thresholds on resonant modes is significant as it could help account for
the fact that in actual data, the theta mode is present only in CA3, not CA1.

To more accurately study the effects of the threshold trigger on the emergent resonant
modes, we analyzed a simple ‘barebones’ synthetic system identical to that of the previous
section. The only difference was that the single PDM was the sum of two cosine waves of
different frequencies A and %, as shown if Fig. 11a (time-domain) and 11b (frequency
domain). The synthetic CLPP system was stimulated with identical broadband signals over
several values of the threshold trigger. For each simulation, the power in the 4 =2Hzand %
= 7Hzfrequencies was calculated in the output signals. It was observed that each simulation
had only one dominant resonant mode which was determined by the threshold trigger value
(Fig. 11c,d). Thus when the threshold was set to 4, /4 was dominant while % was almost
entirely unobserved (Fig. 11e), but when the threshold was set to 5, the roles were reversed
with % dominant and f1 unobserved (Fig. 11f). This synthetic study confirms the role of the
threshold in tandem with the PDMs to determine the characteristics of the output resonant
modes. This unique role of the threshold in determining which resonant modes will emerge
in the system has no correlate in linear systems theory.

3.5 Stimulation Testing

An advantage of closed-loop modeling relative to open-loop modeling is that it may provide
a more accurate prediction of the system response to external perturbation due to its
incorporation of feedback components (Marmarelis et al., 2013b). Understanding the
hippocampal response to stimulation is vital for designing effective neurostimulation
patterns for seizure abatement in the emerging field of deep-brain stimulation for epilepsy
(see section 4.4). The response characteristics of the CLPP model for two random
narrowband (RNB) disturbances of various oscillation frequencies were examined. Each
RNB disturbance was constructed according to the procedure defined in section 2.4. It
should be noted that while the RNB signals had different frequencies of oscillation, their
mean firing rate (MFR) was the same - i.e. they had the same amount of spikes. This is
essential, since the pulsecount of periodic, or fixed-interval, stimuli is directly proportional
to their frequency. Thus, it is impossible to disentangle whether a given stimulus performs
better due to its frequency or due to its spikecount.

The MFR of the intra-loop CA1 activity is plotted in Fig. 12a for various oscillation
frequencies of the two RNB disturbances (x-axis is for €3 and y-axis is for e1). Increase of
CA1 activity is observed when either e3 or el were stimulated in the theta/alpha range (6-14
Hz). Highest increase is seen for the combination of theta stimulation in €3 and alpha
stimulation in el. Most intriguing is the finding that the combination of low-gamma
stimulation (28-30 Hz) in both disturbances, as well as high-delta stimulation (4-5 Hz) in el,
results in significant suppression of CA1 activity (Fig. 12b).

In order to further disentangle the contributions of the individual subsystems and the closed-
loop configuration to the CLPP frequency response, a single-input closed-loop system was
constructed which had only one disturbance signal: e3 (Fig. 13a). e3 was chosen over el
since presumably much more exogenous inputs enter the system from CA1 to CA3, via the
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EC, rather than the direct pathway from CA3 to CA1. The threshold of the single-input
systems was set such that when it is stimulated with the recorded CA3 signal, the output
CA1 MFR is equivalent to the recorded CA1 MFR. Identical RNB disturbances where then
used to stimulate both the single-input closed-loop system and the open loop CA3—CALl
system (Fig. 2). The output MFR for each RNB frequency, shown in Fig. 13b, can be
understood as “point-process transfer functions”, analogous to the transfer function studied
in linear systems. The differences between the responses’ of the two systems quantitatively
measures how the CA1—CAS3 feedback connectivity strengthens/ attenuates various input
frequencies. For example, while both open-loop and closed-loop systems respond strongly to
theta and suppress activity above 18 Hz, the closed-loop system strongly amplifies the open-
loop theta response. This helps explain why a full closed-loop model is needed to replicate
the strong theta oscillations seen in empirical data (Fig. 8) Furthermore, the resonant theta
frequency is raised from 4 Hz in the open-loop case to 8 Hz in the closed-loop case.

Several groups have shown experimental evidence that random Poisson stimulation can be
more efficacious for seizure abatement than periodic stimulation (Wyckhuys et al., 2010;
Van Nieuwenhuyse et al., 2014; Buffel et al., 2014). Here, the CLPP system was used as a
testbed to assess the efficacy of oscillatory vs random stimulation. Namely, the system was
stimulated with oscillatory RNB spiketrains and broadband/random Poisson spiketrains of
increasing MFRs. To allow fair comparison, for each frequency, the total spikecount of the
RNB trains matched the spikecount of the Poisson spiketrains. Thus, unlike in Fig 12 where
the spikecount of the RNB was kept constant, here both the frequency and spikecount of the
RNB trains progressively increased. To maintain simplicity, only CA3 was stimulated, as in
the single-input CLPP system of Fig. 13a. As shown in Fig. 14, the response of increasing
the MFR of Poisson trains was simple: more input spikes meant more output spikes. The
response of the RNB train, however was more complex. Once again the theta resonance peak
can be seen, along with inhibition from 15-30 Hz. These results suggest that oscillatory vs
random is not the correct question to ask, as the answer depends will vary depending on
which frequency is used. Rather, one should ask what is the optimal frequency of
stimulation. It should be noted that these results for RNB stimulus cannot be compared with
Fig. 12,13, since as already mentioned, there the MFR was kept constant, while here it is
progressively increasing to match the Poisson MFR.

4 Discussion

This paper present a methodology for closed-loop modeling of the hippocampal CA3 and
CAL regions. The model is composed of two PDM/ANF subsystems followed by a threshold
trigger as described in our previous publications (Marmarelis, 2004; Marmarelis et al.,
2013a). The PDMs can be thought of as an efficient basis of functions to describe the
dynamical transformation between any two signals, while the ANFs describe the static
nonlinearity which ‘links’ the PDM output with the output spike train. The PDM/ANF
methodology for modeling nonlinear systems has shown itself to be a highly robust and
flexible method which lends itself to physiological interpretation. Stimulation of the closed-
loop model showed the emergence of theta oscillations, a phenomena not seen in the open
loop models. Also, simulation of the closed-loop model with RNB stimulation suggests that
our model can be useful in optimizing neurostimulation patterns to suppress seizures.
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4.1 Closed-Loop Modeling

Closed-loop modeling is to be used whenever two signals bidirectionally influence each
other. Although the data used in this study was from the CA3 and CAL regions of the
hippocampus, in principle the model can be used for any bidirectionally causal point-process
signals. A similar model based on continuous signals was previously used to model cerebral
hemodynamics (Marmarelis et al., 2013b). There, the response of the system to
perturbations of blood pressure and CO, was compared in open-loop and closed-loop mode.
Here, closed-loop modeling was used due to the complex nested-loop nature of hippocampal
anatomy and several experimental studies which have confirmed that electrical activity can
reenter and reverberate through the hippocampal-entorhinal formation (see Fig. 1 and
section 4.2.

Traditional model validation criteria such as those measuring predictive power cannot be
applied to the closed-loop model since it does not aim to predict an output spike train as
open-loop models usually do; rather it aims to describe the behavior of the system under
various external stimuli. We suggest that the emergence of theta resonances in the closed-
loop model and not in the open-loop models provides validation and utility to the closed-
loop model (see Fig. 8). One approach to rigourously validate the closed-loop model would
be to stimulate the system and compare the system response with the open-loop and closed-
loop model predictions such as those shown in Fig. 13 and 8. Such data, however, was not
available in this study.

It is important to clarify the distinct roles of open-loop and closed-loop modeling. Open-
loop models, such as those derived previously for the hippocampus (Song et al., 2007; Zanos
et al., 2008; Marmarelis et al., 2013a), aim to describe the functional transformation of
activity from CA3 to CA1, or vice-versa. However, open-loop modeling will be misleading
when describing phenomena which involve the entire closed-loop system. A notable
example of this is the response of the system to external perturbations as these perturbations
will not only affect the target area but will reverberate around the entire loop. This is why
the open-loop model was not able to predict the emergence of theta resonances in response
to external broadband stimulation. Knowing how the hippocampus responds to external
stimulation is particularly important for the emerging field of deep-brain stimulation which
aims to use precisely such stimulation to abate seizures, which are characterized by
hypersynchronous resonant activity (see section 4.4).

It should be noted that closed-loop modeling is different from the more commonly used
autoregressive modeling such as done in Song et al. (2007); Eikenberry and Marmarelis
(2013); Valenza et al. (2013). In autoregressive modeling, the output time-series past has an
effect on the output present. In closed-loop modeling, the output time-series past has an
effect on the /nput present. In practice, this subtle difference means that during simulations,
the input to a given subsystem must continuously be reevaluated as it evolves through the
simulation. In future work it would be beneficial to develop a nested-loop model which
incorporates both closed-loop effects that model hippocampal reentrance and autoregressive
effects that model the neural refractory period and afterhyperpolarization, a feature absent
from our current model (Spruston and McBain, 2007).
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4.2 Hippocampal Reentrance

The closed-loop model is based on the working hypothesis that CA1 can causally influence
CA3. Anatomically, this may arise through backprojecting interneurons from CA1 to CA3
(Sik et al., 1994), or through the hippocampal-entorhinal loop (Fig. 1a). Deadwyler et al.
(1975) was the first to show that population spikes induced in CA3 spread to the EC and
reentered CA3 through the Dendate Gyrus. Since then, several studies have used local field
potential (LFP) recordings to confirm reentrance and to elucidate the multiple simultaneous
anatomical pathways by which it may occur. It has been shown that reentrant activity may
leave the hippocampus either directly from CA1—EC or from CA1—Subiculum—EC
(Finch et al., 1986; Tamamaki and Nojyo, 1995; Craig and Commins, 2005). Furthermore,
activity may reenter the hippocampus either through the Dendate Gyrus or CA3 via the
perforant path (Stringer and Lothman, 1992; Wu et al., 1998; Kloosterman et al., 2004) or
directly from EC—CA1 via the temporoammonic path (Yeckel and Berger, 1990; Jones,
1993; Bartesaghi and Gessi, 2003). Optical imaging studies have also clearly shown that
information can reenter and reverberate around the hippocampal-entorhinal loop (lijima et
al., 1996; Ezrokhi et al., 2001). An advantage of the data-driven nonparametric modeling
approach used here is that no a priori assumptions are made about the system under study,
and thus reentrance can be modeled without complete knowledge of its underlying pathways
and mechanisms. Furthermore, the model will not change with future physiological
discoveries (Marmarelis, 2004; Song et al., 2009b,c).

Most studies on reentrance have analyzed LFP activity induced by electrical stimulation. In
a previous paper, we have used a large dataset of neurons to demonstrate predictive power
(ie Granger causality) from CA1 to CA3 on the single-neuron level in the nonpathological
unperturbed brain. There it was found that of the 144 neuron pairs examined, 96 (67%)
showed CA1—CA3 causality. Furthermore, it was found that the number of bidirectionally
connected neurons was significantly higher than would be expected by chance, suggesting
the CA3 and CA1 pyramidal cells tend to be wired topographically in a bidirectional/loop
fashion. This finding has also been confirmed experimentally in both anatomical and
physiological studies (Tamamaki and Nojyo, 1995; Buzsaki, 1989). Although much
evidence points to true causality from CA1—CAZ3 on the network (LFP) level, and the
previous paper showed Granger causality on the single neuron level, the extent of true
causality on the single neuron level has yet to be established due to possibility of unobserved
inputs such as the septum influencing both CA3 and CA1 regions (Colom, 2006). Thus, the
results of this study must be regarded with some caution until experiments will be performed
which elucidate the relative influence of truly causal connections and unobserved inputs on
the CA1—CAS3 predictive relationship.

4.3 Theta Emergence

Hippocampal theta rhythms have been extensively studied and implicated in neural coding,
learning, and memory (for excellent reviews, see Buzsaki (2002); Axmacher et al. (2006);
Colgin (2013); Buzsaki and Moser (2013)). The mechanisms by which network theta
oscillations emerge in the hippocampus involve complex interactions occurring
simultaneously on many hierarchal levels. On a cellular level, EC stellate cells and
hippocampal pyramidal cells have been shown to have inherent membrane resonances in the
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theta range (Leung and Yu, 1998; Pike et al., 2000; Haas and White, 2002; Schreiber et al.,
2004). On a regional level, CAl, CA3, and the EC have been shown to generate theta
oscillations endogenously in-vivo (Alonso and Garcia-Austt, 1987; Kocsis et al., 1999;
Goutagny et al., 2009). Although cellular membrane resonances cannot by themselves lead
to theta oscillations, they have been theorized to strongly influence frequency of oscillation
in networks of interconnected pyramidal cells and interneurons such as those found in the
above ‘pacemaker’ areas (Hutcheon and Yarom, 2000). Finally, on the interregional level,
the above pacemakers are interconnected in a complex nested loop and receive inputs from
the medial septum (Fig. 1a), which has been shown to be critical for the emergence of
hippocampal theta (Winson, 1978; Colom, 2006).

In the present model we have shown that neuronal theta oscillations emerge through the
closed-loop modeling of the hippocampal-entorhinal formation; furthermore, these rhythms
are absent in the open-loop configuration. Although the model was based on recordings of
CA3 and CA1, the nonparametric data-driven nature of the PDM modeling approach implies
that several hierarchal levels of interaction will be incorporated into the PDMs. For example,
CA3—CA1 PDMs incorporate both CA1 neuronal integration (a cellular mechanism) and
potential CA1 pyramidal-interneuron interactions (a regional mechanism). Because it is not
yet clear how much the PDMs are influenced by unobserved inputs (see section 4.2), the
current results must be regarded with caution. At the very least, we have shown that
although open-loop systems may show a slight preference for theta, closed-loop modeling
and bidirectional connectivity is necessary for full neural oscillations to emerge (see Fig. 8).
This is well supported by experiments which have shown CAL1 to be an endogenous theta
generator but have not shown any theta resonances in responde to white noise stimulation
(Jahnsen and Karnup, 1994; Goutagny et al., 2009). Furthermore, we have provided strong
evidence to support the hypothesis that the hippocampal-Entorhinal loop is involved in
generating and modulating hippocampal-entorhinal theta rhythms. However, the full extent
of this involvement can only be clarified once the causality question is resolved.

4.4 Epilepsy and Seizure Abatement

Epilepsy is a neurological disorder characterized by chronic seizures which affects 1-2% of
the US population (Begley et al., 2000). Although the mechanisms of seizure development
are still not clear, several animal studies have linked hippocampal ictal activity with
uncontrolled oscillations along the hippocampal-entorhinal loop (Pare et al., 1992; Stringer
and Lothman, 1992; Nagao et al., 1996). Interestingly, a study by Barbarosie and Avoli
(1997) showed that 1 Hz stimulation of CA1 actually decreased seizure frequency along the
hippocampal-entorhinal loop. This finding is also reflected in our results where it was found
that <2 Hz stimulation decreased output activity (see Fig. 12). Later a study by Bragin et al.
(1997) showed that in-vivo ictal activity could emerge independently in both the EC and
hippocampus even after the two were lesioned. This supported the notion that seizure
rhythmicity was due to a complex coupling of nested oscillators rather than just a single
closed loop oscillator. Although the role of the hippocampal-entorhinal loop in human
temporal lobe epilepsy (TLE) remains unknown, these animal studies suggest that it is
intimately involved in initiating and sustaining seizures and that perturbation of this loop
with electrical stimulation may abate seizure onset.
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Deep brain stimulation (DBS) is a promising new alternative to traditional epilepsy
treatments such as antiepileptic drugs and resective surgery which both have major
drawbacks: drugs have a 30% nonresponder rate and strong side-effects, while surgery isn't
applicable for all patients, has acute and long-term risks, and has a large remission rate
(Brodie and Dichter, 1996; Engel et al., 2003). Responsive cortical focal stimulation has
recently been approved in the US and scheduled thalamic stimulation has previously been
approved in Europe (Ben-Menachem and Krauss, 2014; Heck et al., 2014; Fisher and
Velasco, 2014). However the mechanisms by which DBS works are still not clear and few
quantitative models have been developed (Durand and Bikson, 2001; Mina et al., 2013). The
above studies suggest that a better understanding of hippocampal-entorhinal loop dynamics
may help elucidate the mechanisms by which DBS abates temporal lobe seizures.
Furthermore, a computational model of these dynamics may not only serve to elucidate
these mechanisms, but also assist in designing efficient neurostimulation patterns, a process
currently done by physicians using a brute-force approach. Such a framework has recently
been applied for designing efficient DBS patterns for epilepsy (Taylor et al., 2015) and
Parkinson's disease (Holt and Netoff, 2014; Grill et al., 2014). However, in Parkinson's
disease the barriers to clinical translation are much lower since stimulation efficacy can be
assessed intermediately by observing the change in patient tremor (Brocker et al., 2013).

In this paper, we propose that the closed-loop nonlinear nonparametric model of
hippocampal-entorhinal loop dynamics may be used as a working model to study the effects
of DBS on hippocampal seizures. The effects of DBS frequency was analyzed by perturbing
the closed-loop model with random narrowband (RNB) spike trains across a wide range of
frequencies. It was found that while certain frequencies such as high theta/alpha (4-12 Hz)
dramatically increased hippocampal output, other frequencies such as delta (<2 Hz) and low
gamma (30Hz) significantly reduced output (see Fig. 12). Furthermore, it was found that
depending on the oscillation frequency, the advocated RNB trains may be more efficacious
than random (Poisson) trains. Although our model is still in the proof-of-concept stage, it
may already help explain some unresolved phenomena seen in experimental studies. First, it
is well known that some frequencies initiate seizures while others suppress them. For
example in the rodent thalamus, low-frequency stimulation (LFS) at 8 Hz induces seizures,
while high-frequency stimulation (HFS) at 100 Hz suppresses them (Mirski et al., 1997);
conversely, in the human caudate nucleus, 4-6 Hz LFS suppresses seizures, while 50-100 Hz
HFS stimulation induces them (Chkhenkeli and Chkhenkeli, 1997). Furthermore, it has been
shown that vastly different stimulation frequencies may suppress seizures in the same
system. For example, Kinoshita et al. (2005) showed that both 1 Hz and 50 Hz stimulation
had anticonvulsant effects in TLE. Our results suggest that these seemingly disparate
multiphasic effects of neurostimulation arise from the closed-loop dynamical interaction
between the various regions of the hippocampal-entorhinal circuit, and in such a circuit it is
expected to see multiple resonant modes and multiple inhibitory zones. Thus, we suggest
that the closed-loop modeling methodology advocated here may be used to understand these
complex interactions and obtain efficient DBS patterns to abate seizures.

However, we emphasize that while the presented paradigm of model-based neurostimulation
is promising, the specific results should not be taken overly literally. For example, although
in our model 30 Hz gamma stimulation was found to be optimal, we cannot yet be certain
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whether this is an inherent feature of rodent hippocampal circuitry, or was specific to the
particular circuitry of the given rodent during the behavioral task from which the data was
obtained. Furthermore, our model says nothing of how stimulation of any other area such as
the thalamus would affect the hippocampus. Nonetheless, we believe the model-based
approach, if carefully applied, can answer all these questions.

In the current study, MFR was used as a measure of seizure activity. In the future, we hope
to expand our model by incorporating multiple units and LFP recordings. This would allow
our model to utilize much more realistic indicators of seizure activity than MFR such as
population synchrony and field potential oscillations. Also, we hope to provide experimental
validation to the computational results obtained here.
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Figure 1.
(A) Horizontal rodent hippocampal slice showing anatomical locations of the areas dealt

with in our model. (B) Detailed schematic representation of anatomical connectivity of
hippocampus. Black and red lines show excitatory and inhibitory connections, respectively.
(C) Schematic of trisynaptic-loop. (D) High level schematic representation of CLPP model.
(E) Detailed systems representation of CLPP model
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Figure 2.
Open-loop model configuration.
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CA3! CA1 ANFs

CA1! CA3 ANFs

ANF #1
ANF #2
ANF #3

%

Obtained Volterra-PDM Subsystems. Top row shows CA3—CAL subsystem, while bottom
row shows that of CA1—CA3. Left column shows PDMs, middle column shows PDMs in
frequency domain, and right column shows ANFs. Note that several PDMs have frequency

peaks in the theta range.
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Figure5.

(A) Bidirectional ROC plots. (B,C) Results of Monte Carlo simulations for CA3—CAL (B)
and CA1—CA3 (C). Histogram plots the predictive power (AUC) of N=40 random inputs

with the same MFR as the true input. The AUC of the true input is shown by the dashed red
line. In both cases the true AUC was greater than the random AUC's with P <.0001
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Figure 6.

CLPP System driven by residual input. Each inset shows the given signal in the frequency
domain (below) and time domain (above). The time domain rasterplot is a representative
sample of the signal spanning 6 seconds. Disturbance signals el and e3 are tertiary signals
with positive spikes in black and negative spikes in green. Their corresponding spectra are
below in the same color. Each frequency-domain plot shows the Fourier transform of the
signal, which was then low-passed through a 20 Hz filter and then smoothed to ease
visibility.
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WAt

CLPP Model driven by broadband inputs. Layout is the same as Fig. 6 except that here the

exogenous signals €3 and el were binary rather than tertiary.
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Comparison of Open-Loop and Closed-Loop systems driven by identical broadband inputs
e3 and el. Note robust theta rhythms only arise in the closed-loop case.
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Figure9.
Analysis of synthetic system showing relationship between PDMs and resonant modes. In

this synthetic system, each subsystem is composed of a single cosine PDM of freq fy=5Hz,
shown in (A). The only nonlinearity in each subsystem is the threshold trigger (i.e. no
ANFs). (B) Shows the CLPP output signal CA1m. Note the resonant mode at 5Hz (marked
by red line) matches fy exactly. (C) A plot mapping the CLPP output resonant mode with the
PDM spectral peak (fg). Each vertical column represents the FFT of the CLPP output at the
given PDM dominant frequency fp. Notice that despite the strong nonlinearity of the
threshold trigger, the CLPP resonant mode corresponds exactly to the PDM spectral peak.
Also note the presence of harmonics at 2*fg
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Figure 10.

Effect modifying threshold triggers has on emergent theta resonant modes of CA1p (left)
and CA3p (right). X and y axis’ measure the percent-change of thresholds from the default
threshold (marked by red dot), which is calculated by the methods described previously. Z-
axis (color) measures the percent change in the strength of the theta resonant mode as
compared to the default case. Each point represents the theta band power in a simulation
conducted with the threshold values in the x,y axis and broadband inputs. Identical
broadband inputs were used in each simulation. Notice that different threshold combinations
favor a stronger theta in either CA3 or CAL, for example by lowering the CA1—CA3
threshold by 10% and raising the CA3—CAL threshold by 2% (marked by green dot), theta
only appears in CAS3, as in real data.
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() CLPP Output for TT=3 (Frequency Domain)
0.7

0 2 4 6 8 10

(F)
CLPP Output for TT=7 (Frequency Domain)
7 . 4

Effect threshold has on synthetic cosine system. Each subsystem was composed of a single
PDM which was the sum of two cosine waves of different frequency. (A) Shows the PDM in
the time domain, while (B) shows the PDM in the frequency domain. The only nonlinearity
in each subsystem is the threshold trigger (i.e. no ANFs). (C) Effect of changing the
threshold trigger on the resonant mode peak power. Plot is the same as Fig. 9C. Notice that

the threshold determines which resonant mode will emerge i
shows the evolution of the spike train rasterplots as the thres

n the CLPP output signals. (D)
hold is changed. (E) and (F)

show the CLPP outputs in the frequency domain when the threshold is 3 and 7, respectively.
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Figure 12.

(Ag CA3p output MFR where e3 & el are RNB inputs of various frequencies. X and y axis
show the narrowband frequency of e3 and el respectively. The x and y value of 0
corresponds to a Poisson input. Note that when the CLPP system is driven by RNB theta
inputs (around 8 Hz) system output will greatly increase. When the system is driven by low
frequencies or 28 Hz, system output will greatly decrease. (B) example of CLPP driven by
two RNB inputs centered at 28 Hz. Note that subsystem output MFR is far less than input
MFR.
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(A) Schematic of single-input closed-loop model from CA3—CAL. (B) Open-loop (OL)

and Single-Input closed loop (SiCL) output MFR responses to RNB inputs of varying

frequencies.
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Figure 14.
System output, as measured by MFR of CA1, when stimulated with random and RNB

spiketrains of various frequencies. Each trial was conducted 10 times. Lines and shaded
region show mean + standard deviation.
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