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Abstract

Background—Neural information processing involves a series of nonlinear dynamical input/
output transformations between the spike trains of neurons/neuronal ensembles. Understanding
and quantifying these transformations is critical both for understanding neural physiology such as
short-term potentiation and for developing cognitive neural prosthetics.

New method—A novel method for estimating Volterra kernels for systems with point-process
inputs and outputs is developed based on elementary probability theory. These Probability Based
Volterra (PBV) kernels essentially describe the probability of an output spike given g input spikes
atvarious lags ty, tp, ..., tg.

Results—The PBV kernels are used to estimate both synthetic systems where ground truth is
available and data from the CA3 and CA1 regions rodent hippocampus. The PBV kernels give
excellent predictive results in both cases. Furthermore, they are shown to be quite robust to noise
and to have good convergence and overfitting properties. Through a slight modification, the PBV
kernels are shown to also deal well with correlated point-process inputs.

Comparison with existing methods—The PBV kernels were compared with kernels
estimated through least squares estimation (LSE) and through the Laguerre expansion technique
(LET). The LSE kernels were shown to fair very poorly with real data due to the large amount of
input noise. Although the LET kernels gave the best predictive results in all cases, they require
prior parameter estimation. It was shown how the PBV and LET methods can be combined
synergistically to maximize performance.

Conclusions—The PBV kernels provide a novel and intuitive method of characterizing point-
process input—output nonlinear systems.
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1. Introduction

Information in the nervous system is encoded in precisely timed sequences of neuronal
action potentials. A central goal of computational neuroscience is to understand how these
series of spike trains are processed in the brain. In particular, three fundamental problems
can be identified: how the brain maps external stimuli onto neural spike trains (encoding),
how neural spike trains map onto bodily response (decoding), and finally how the spike
trains of one neuronal population are mapped onto another. These problems are not just
important for increasing our understanding of the brain, but they also have immediate
applications to neuroprosthetics and brain—-machine interfaces which aim to replace
damaged brain regions in order to restore lost cognitive function. In particular, the encoding
problem is central to neuroprosthesis which aim to replace damaged sensory systems such as
the visual (Weiland et al., 2011), auditory (Loeb, 1990), and vestibular systems (Di et al.,
2010). The decoding problem is central to motor prosthesis which aim to compensate for
lack of movement either by reactivating muscle movement (Loeb et al., 2001) or by
controlling external artificial actuators such as a computer cursors (Hochberg et al., 2006;
Wolpaw and McFarland, 2004). Finally, the third problem is directly relevant to prosthesis
which aim to replace lost cognitive function within the central nervous system and which
have made much headway in recent years (Hampson et al., 2012; Berger et al., 2012;
Marmarelis et al., 2012). This problem is distinct from the previous two in that both the
input and the output signals are binary spike trains. Thus, this problem necessitates a highly
robust and versatile modeling approach which may adequately describe the nonlinear
dynamical transformation between these spike trains.

Traditional physiological modeling has often revolved around parametric approaches which
incorporate a priori knowledge/assumptions about the system into model structure. Such
models can be extremely useful and have successfully shed light on synaptic transmission
and somato-dendritic integration (Dittman et al., 2000; Dayan and Abbott, 2001; London
and Héusser, 2005); however, their use is limited to environments where one may
confidently assume the underlying structure of the model. In the context of neuroprosthesis,
when recording from arbitrary neurons in the brain, one may not make such assumptions
since even if the neuronal presynaptic and postsynaptic dynamics are known, the anatomical
connections between the recorded neurons are unknown. These connections are critical to
the input—output dynamics of the neurons and include the number and location of the
synapses between them and whether they are connected directly, through intermediate
neurons, or both. Thus, this problem necessitates a nonparametric approach which estimates
the model directly from the input—output data records without making any a priori
assumptions of the connections. An additional benefit of the non-parametric approach is that
the model will not change with future discoveries (Song et al., 2009, 2009). The
nonparametric approach has a long history in sensory neuroscience and has been
successfully applied to diverse areas such as the retina (Marmarelis and Naka, 1973), visual
cortex (Rapela et al., 2006; Touryan et al., 2005), and auditory cortex (Eggermont, 1993;
Slee et al., 2005).
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The problem of modeling transformations between spike trains necessitates a nonlinear
approach not only because this transformation is intrinsically nonlinear due to the presence
of a threshold (Marmarelis et al., 1986), but also because nonlinear interactions are known to
occur in the nervous system between pairs and triplets of input spikes (Dittman et al., 2000;
Song et al., 2009). A powerful technique for characterizing nonlinear systems is the
Volterra/Wiener functional approach which has had a long history in biological
physiomodeling (Marmarelis and Marmarelis, 1978; Marmarelis, 2004). Several adaptations
of this technique have been developed to solve the encoding problem, where a continuous
signal is mapped onto a spike train. In particular, much attention in recent years has been
given to this approach to map the receptive fields of retinal cells in the form of spike-
triggered covariance (STC) (Schwartz et al., 2006). Also, several adaptations have been
developed for the decoding problem which maps a spike train input to a continuous output
(Van Steveninck and Bialek, 1988; Krausz, 1975; Marmarelis and Berger, 2005). In the
present paper, we propose a Volterra functional style technique which is exclusively
designed for systems with spike-train inputs and outputs. Although previous methods have
attempted to solve this problem (Zanos et al., 2008; Song et al., 2007; Marmarelis et al.,
2013), they have been, with few exceptions (Marmarelis et al., 2009), methods designed for
continuous data and later applied to spike train data.

In this paper, we propose a nonparametric nonlinear Volterra-style model to describe spike
train transformations. Our approach uses elementary probability theory to estimate Volterra
style functionals, termed the Probability Based Volterra (PBV) kernels, which describe the
nonlinear dynamical transformation between input and output spike trains. In brief, the gth
order PBV kernel describes the probability of an output spike given g input spikes at various
lags ty, tp, ..., tq. These PBV kernels are shown to be equivalent to the Poisson-Wiener
Kernels, and thus are capable of describing arbitrary finite memory nonlinear spike train
transformations. The PBV method is then compared with two other methods found in the
literature of estimating Volterra kernels. These methods are evaluated in terms of predictive
power, convergence, overfitting, robustness to noise, and response to correlated inputs.
Finally, the methods are applied to real spike train data obtained from the rodent
hippocampus.

2. Methods

Nonparametric modeling approaches for point process systems aim to characterize a ‘black
box’ or unknown functional which transforms the input spike train into the output spike
train. Characterizing a ‘black box’ can be broken down in to the problems of model
configuration and parameter estimation. In physiological systems, the problem of model
configuration is further constrained by the need for such models to be physiologically
plausible and prone to interpretation. Several methods exist for characterizing systems with
point process inputs and outputs (Zanos et al., 2008; Song et al., 2007; Marmarelis et al.,
2009, 2013). Here we chose the well-known Volterra framework to characterize our model
and we developed a novel technique to estimate our Volterra kernel parameters which is
customized to systems with point process inputs and outputs and is based on elementary
probability theory. The Volterra kernels estimated by this technique will be referred to as the
Probability Based Volterra (PBV) kernels.
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2.1. Model configuration

In the Volterra functional expansion of an arbitrary nonlinear system, the system output,
y[t], is described as the sum of the outputs of a series of functionals with increasing orders of
nonlinearity:

y[t] :ZFq (z[t] kg [T15---,7g])

where Fq(X[t], Kg[ 71, ..., 79]) is the qth order Volterra functional, which is essentially the qgth
order convolution of the input x[t] with the gth order Volterra kernel. It should be noted that
here the kernels and input have been discretized in order to handle real data, much like in
traditional spike-triggered analysis. Each Volterra functional describes interactions between
up to q input spikes. For example, the first order kernel can be seen as weighing the
contribution to the output of a single pulse t lags prior to the output. Thus, the first order
Volterra functional describes a linear system and the first order Volterra kernel is equivalent
to the well-known impulse response function. The second order Volterra functional, and the
first nonlinear functional, describes second order nonlinear interactions between two input
pulses, such as paired pulse facilitation and depression. Although theoretically we could
construct an infinite order (Q = inf) system, in practice this is computationally impossible
and physiologically unrealistic. Here, we curtail our system to a second order nonlinear
system (Q = 2) as higher order nonlinearities have been shown to provide only slight
improvements in modeling the nervous system (Song et al., 2007; Lu et al., 2011). Thus:

M M M
9. [¢] :ko—f—Zkl [T]z[t—7]+ Z Z ky [m,m]z[t—m]z[t—T] (2
=1 T1=1m=1

where 4 [¢] is the predicted continuous output, and M is the system memory which describes
how many lags of the input past affect the output. k{[ 7] and ky[ 71, 7] are the 1st and 2nd
order Volterra kernels, respectively which are equivalent to the PBV kernels if estimated by
the method described herein. Because the above equation will generate a continuous output
and we are dealing with a point process system, we must threshold the continuous output,

9. [t] such that:

@[t}:Th(gjc[t]):{ é i Zy/{gZTT @3

In this study, the threshold is set so that the number of spikes in the predicted spike train,
Y[t], equals the number of spikes in the true spike train, y[t].

2.2. Model estimation

Several methods of estimating Volterra kernels exist in the literature. Norbert Wiener was
the first to propose a method of estimating the kernels by orthogonalizing the Volterra
functionals with respect to Gaussian white noise (GWN) inputs, giving rise to the well-
known Wiener series (Wiener, 1966). The Wiener series was first popularized when the
computationally feasible cross-correlation technique was introduced as a method of
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estimating the Wiener kernels (Lee and Schetzen, 1965; Marmarelis and Marmarelis, 1978).
Since then several techniques have been developed which allow efficient estimation of
Volterra kernels using shorter data records and arbitrary inputs. Here we develop a novel
and intuitive technique for estimating the Volterra kernels for systems with point-process
inputs and outputs which we call the Probability Based Volterra kernels. We later show that
these kernels are essentially equivalent to the Wiener kernels specialized for point-process
inputs.

The PBV kernels are estimated in a two-step process. First the gth order conditional
probability kernels (CPKs) are calculated. Then the PBV kernels are obtained by removing
lower order effects from the CPKs. The qth order CPK is defined as the probability of an
output spike given g input spikes at ty, tp, ..., tq lags prior to the output. The zeroth order
CPK is defined as the probability of an output spike without any information of the input.
Thus it is just the mean firing rate (MFR) of the output:

CPKy=P(y[t)=Y @
The first order CPK is:

P(y[t|nz[t—7]

OPK[r) =P (yldlz[t—7) =—Frr s ©

In this section we will assume that the point process input is an uncorrelated Poisson process
with rate . Later, in Section 2.4 we will show how one may partially correct the kernels for
correlated/colored inputs. With this in mind, Eq. (5) becomes:

Pltnzlt—7] E(y[t]z[t—7])
P(z[t—T]) P ©)

x

CPK,[7]=

It should be noted that the 1st order kernel is a scaled version of traditional spike triggered
average (STA) (De Boer and Kuyper, 1968). Similarly, the second order CPK is:

CPK;[m,m]= P(y[t]|z[t —n]Nz[t - 7))
P(y[t]nz[t—11]Nz[t—T2] (7
P(z[t—m1]Nz[t—T2])

Notice that CPK; is only defined when t; # ty, since for t; = t, = t, the numerator, y[t] N x[t
- 7] N X[t — 7] reduces to y[t] N x[t = 7]. Thus, CPKj is set to 0 when t; = t,. The same
constraint applies to all higher order CPKs when any pair of lags is identical. This can also
be intuitively understood by noting that the diagonal of the second order Volterra kernel
describes the contribution of the square of the input pulse. Since we are dealing with binary
point process signals, the square of the input equals the input, and thus the diagonal of the
2nd order kernel actually describes 1st order (linear) effects. Once again, by assuming a
Poisson process input, Eq. (7) becomes:
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E(y[t]x[t—g]r[t—fg]), for £ T
CPK2 [ThTQ}: z ®
0, for T1=T9

Now, in order to obtain the PBV kernels lower order effects must be removed from the CPK
kernels. This step can intuitively be understood since the conditional probability of a an
output spike given a set of ny, ny, ..., ng input spikes includes the probability of an output
spike given every subset of lower order. For example, the probability of an output spike
given an input spike includes the probability of an output spike firing spontaneously on its
own. So, to isolate the first order dynamics, we must remove the zeroth order dynamics.
Thus:

PBVy=CPK, 9)

E(yltjz[t—7])

PBV4 [’T]:CPKl [’T]—PB‘/(): —
X

)

Similarly, to isolate second order effects, we must remove Oth and 1st order dynamics:

PB‘/Q [Tl,Tz] ICPKQ [7'1,’7’2] — PB‘/l [Tl] — PB‘fl [TQ] — PB‘/O (]_]_)

2.3. Relationship to Poisson—Wiener kernels

Marmarelis et al. derived the Poisson-Wiener (PW) functional expansion for arbitrary
nonlinear systems with point process inputs and continuous outputs (Marmarelis and Berger,
2005). The PW kernels are obtained by orthogonalizing the system nonlinearity with respect
to Poisson inputs, akin to how the Wiener kernels are obtained by orthogonalizing the
system nonlinearity with respect to Gaussian white noise. However, the mathematically
sophisticated derivation of the P-W kernels has limited their utilization in the broader
neuroscience community. In Appendix A, we show that the PBV kernels are essentially
equivalent to the PW kernels, albeit with a difference of scale:

1
PW, [7]=———PBV1[r]

- (1— 5) (12)

1
PT'VQ [7'1,7'2] :72})3‘/2 [T]_,TQ}

P (1— E) 13

This equivalence serves two purposes. First it establishes a solid theoretical footing for the
PBV kernels on the basis of Wiener’s orthogonalization approach. Second, it provides an
optimal scaling of the PBV kernels to achieve maximal predictive power. However, it
should be emphasized that the PBV kernels are distinct from the PW kernels since the PW
kernels are exclusively designed for systems with uncorrelated Poisson inputs and
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continuous outputs, while the PBV kernels are designed for systems with point-process
inputs and outputs.

2.4. PBV kernels for correlated point-process inputs

Although ideally, one would probe a system with uncorrelated inputs, much work has been
done in recent years to develop system estimation methods for correlated inputs. This is
useful because (1) sometimes there is no opportunity to stimulate the system, and all one can
do is record the naturally occurring endogenous system activity (Berger et al., 2012), and (2)
much work in sensory neuroscience has shown that one can estimate a sensory neuron’s
receptive field using much shorter data records by simulating the statistics of its natural
stimuli, which usually have higher order statistical moments (Touryan et al., 2005).

The PBV kernels are derived for uncorrelated point-processes (i.e. Poisson processes), and
would have biases if they were estimated with correlated point-process inputs. Any attempt
to analytically derive PBV kernels for correlated point-processes would be extremely
difficult, if not impossible, due to the ill-defined analytical nature of such processes as they
are used here. Korenberg and Hunter (1990) has previously derived corrections for Wiener
kernels estimated using correlated Gaussian inputs (see Appendix B). The method relies on
the decomposition property of higher order moments of Gaussian processes, which does not
apply to correlated point-process inputs. The main result of correction method is shown
below:

- —1777
K1=0;' K"y (14a)

Ko=0,"K'>®," (140)

where ?'1 and K’, are the biased/naive Wiener 1st order kernel vector and 2nd order kernel

matrix estimated using correlated inputs, ?1 and K are the corrected Wiener kernels, and

@ Lis the inverse of the Toeplitz autocorrelation matrix of x[t]. It should be noted that the
correction in Eq. (14a) is identical to that derived by Theunissen et al. (2001) for STA.

Although Eq. (14) was derived for correlated Gaussian processes, we have found
empirically that it can be used, with slight modification, to partially correct PBV kernels
estimated from correlated point-process inputs. Namely, the modified form of Eq. (14) is:

o “1p B/
PBV;=®_"PBV'; (l5)

PBV,=%_'PBV’y (15h)

where once again the apostrophe indicates the biased PBV kernels. This correction
implicitly imposes a smooth prior on the second order kernel by multiplying the true
correction (Eq. (14)) with the input autocorrelation matrix. Imposing this smooth prior has
been shown empirically to improve results (see Figs. 6 and 8).
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2.5. Model validation

Two metric were used to evaluate the goodness-of-fit of the estimated PBV models. ROC
curves, which evaluate the performance of a binary classifier, 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 ROC plots is used as a
performance metric of the model, 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
second metric used was the Pearson correlation coefficient, p, between the estimated

prethreshold output, §_ [¢], and the true output, y[t]:

E;{<y_>§)(gc_7n@)] (16)

0y, 99,

Py,9.=

where my_is the mean of 4 [¢], and oy and o_are the variances of y[t] and 4, [¢]
respectively.

The pand AUC metrics were chosen as they measure the similarity between a continuous
‘prethreshold’ signal and a spike train. The continuous ‘prethreshold’ signal was chosen
over adding a threshold trigger and comparing true output spike train with an output
‘postthreshold’ spike train for two reasons. First, this allows us to avoid specifying the
threshold trigger value, which relies on the somewhat arbitrary tradeoff between true-
positive and false-negative spikes (Marmarelis et al., 2012). Second, similarity metrics
between two spike trains often require the specification of a ‘binning parameter’ to
determine the temporal resolution of the metric (Victor and Purpura, 1997; van Rossum,
2001).

In order to compare the performance of the PBV model with other methods in the literature,
we estimated the 2nd order Volterra model using two additional techniques. First, we
estimated the kernels using the least squares estimation (LSE) technique (Korenberg et al.,
1988; Marmarelis, 2004; Lu et al., 2011). This method finds the kernels which minimize

E [(y - @c)z] by solving a matrix inversion problem. The standard LSE technique can be
seen as projecting the input onto a “delta function basis’. An alternative, known as the
‘Laguerre expansion technique’ (LET), projects the input onto a set of L Laguerre basis
functions and once again use least squares estimation to obtain the basis coefficients
(Marmarelis and Orme, 1993). The Laguerre basis set, which was first suggested for use in
physiological systems by Norbert Wiener Wiener (1966), is defined on [0, oo], and is
composed of increasing oscillations followed by an exponential decay, as is typical of many
physiological systems. Indeed, this method, which has been successfully applied to several
nonlinear physiological systems, has been shown to drastically reduce the amount of free
parameters needed in the 2nd order Volterra model (Valenza et al., 2013; Kang et al., 2010;
Marmarelis, 2004). In order to use the LET, one must specify the alpha parameter of the
Laguerre basis functions. Here, the ground truth alpha was used for synthetic systems and no
effort was made to search for alpha. In real rodent systems, alpha and L were determined by
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fitting the estimated 1st and 2nd order PBV kernels. This is a novel technique which has not
been previously reported in the literature. An important advantage of both the LSE and LET
techniques is that by solving the ‘inverse problem’ they are implicitly able to deal with
correlated inputs without requiring any additional processing steps; however, this feature
comes at the expense of additional computational power.

2.6. Data procurement

3. Results

In this study the PBV method has been applied to both synthetic systems where ground truth
is available and to real data recorded from the rodent hippocampus. In order to generate
confidence bounds for the predictive power of the models when applied to synthetic data, a
Monte Carlo approach was used with several trials (N = 30) of randomly generated systems.
Each system was obtained by randomly generating coefficients for L = 3 Laguerre basis
functions for the first and second order kernel. The output was generated by feeding a
random point process input through the system and then thresholding the output so that the

MFR of the output equaled the MFR of the input (i.e. yy — 7). To generate correlated point
process inputs we fed GWN through a lowpass filter and then thresholded the output.

Rodent hippocampal data was collected in the labs of Dr. Deadwyler and Dr. Hampson at
Wake-Forest University and has been described in detail in our previous publications
(Hampson et al., 2012). Briefly, N = 10 male Long-Evans rats were 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 CA1 regions of the
hippocampus during performance of the task. Only neural activity from trials where the rat
successfully completed the DNMS task was used. Spikes were sorted, time-stamped, and
discretized using a 2 ms bin. Spike train data from 1 s before to 3 s after the sample
presentation phase of the DNMS task was extracted and concatenated into one time series.

3.1. Synthetic Poisson inputs

As an illustrative example consider the simulated 2nd order point process system shown in
Fig. 1. Here, the input, x[t], shown in Fig. 1A is a 100,000 sample discretized Poisson
process with probability ;. _ o of firing. This input is fed through the 2nd order Volterra
system in Fig. 1B and then thresholded to generate the output y[t], shown in Fig. 1C. The
input and output signals were then used to estimate the PBV kernels, shown in Fig. 1D. As
can be seen, the estimated PBV kernels are able to reproduce the dominant features of the
ground truth 1st and 2nd order kernels. For example, both 1st order kernels have two critical
points, the first negative and the second positive, followed by an exponential decay.
However, the kernels have slight differences. For example, the first critical point of the
ground truth kernel occurs at bin 3, while that of the estimated kernel occurs at bin 2. These
differences are not just the results of finite data records, but also due to the fact that the
thresholding operator makes the system have an infinite order nonlinearity, while the PBV
kernels are ‘truncated’ to the 2nd order. This truncation results in slightly biased 1st and 2nd
order kernels due to their “absorbing’ the effects of higher order nonlinearities. As can be
seen however, these biases are relatively minor. The input was fed through the estimated
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kernels to generate the predicted continuous output §, [¢]. As can be seen from Fig. 1E, the
estimated prethreshold output compares quite favorably with the true spike train, y[t]. This
can also be seen from the ROC plot in Fig. 2C, where the estimated PBV system had a near
perfect AUC 0f.993. The output was then thresholded to produce the predicted spike train

output, 4 [¢], shown in the bottom of Fig. 1E.

The 2nd order Volterra model was also estimated using the LSE and LET methods, as
shown in Fig. 2. As can be seen, these methods were also able to successfully estimate the
true kernels; however, like the PBV technique, they were also somewhat biased due to the
absorption of higher order nonlinearities. For example, both the LSE and LET 1st order
kernels had a peak in the 2nd bin which was absent from the true 1st order kernel. The LET
kernels came closest to approximating the true kernels with as little noise as possible.
However, this was partly because the ground truth dynamics were designed from Laguerre
basis functions and the alpha parameter was known beforehand, which is rarely the case in
reality. The standard LSE kernels were much more similar to the PBV kernels, albeit the
LSE 1st order kernel was much noisier. Predictively, the LSE and LET techniques slightly
outperformed the PBV technique (Fig. 2C), however at the expense of greater computational
power (i.e. matrix inversion).

3.2. Convergence and overfitting

In experimental physiological system identification, the experimenter requires criteria to
know how much data is needed to estimate a valid model. Usually, this choice is constrained
by the inherent nonstationarities of physiological systems. Model convergence or ‘data
hungriness’ describes the amount of data needed to successfully model the system.
Overfitting describes how well the model estimated on the given dataset will generalize to
other datasets acquired from the same system. Monte Carlo style simulations were
performed to evaluate the convergence and overfitting properties of the three models. N = 30
trials were conducted with randomly generated synthetic systems as described in methods.
For each synthetic system, the three estimation methods were applied to randomly generated
training/in-sample data of various lengths from 200 to 15,000 bins. Then the predictive
performance of the three estimated kernel sets was evaluated on testing/out-of-sample data
of equal lengths.

The predictive power of the training and testing sets (solid and dashed lines respectively) is
shown in Fig. 3 for the p metric. The convergence of the data is described by the shape of
the testing set curve in Fig. 3A, and in particular how quickly this curve approaches a
steady-state value. The LET model converges remarkably quickly, and achieves 98% of its
maximal value with only 200 data points (Fig. 3B). As noted before however, this assumes
that the ground truth dynamics can be expressed as a sum of L Laguerre basis functions and
that the alpha parameter can be known with sufficient accuracy. The LSE and PBV kernels
converge at approximately the same rate and they achieve over 90% of their maximal p
value with 1000 data points. Overfitting is reflected by the difference in predictive power
between training and testing sets. Once again the LET model has an extremely small amount
of overfitting, even with extremely small data records (<4% overfitting with 200 bin data).
The PBV and LSE models show more overfitting. They require 1000 data points in order to
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converge to >90% of their training value. The LSE model in particular is unreliable for
shorter data records. In fact, for short records under 500 bins, the LSE method often failed
due to ill conditioned matrices, which are common with binary data. At steady state the
predictive power of the PBV, LSE, and LET models as measured by pwas.797,.821, and.
821, respectively (Fig. 3C). This confirms statistically what was seen in Fig. 2: that the PBV
kernels are competitive with the LSE and LET kernels.

3.3. Model robustness

In experimental settings noise is an unavoidable reality which may arise in a variety of
ways, including imperfect instrumentation and/or from unobserved inputs. Thus, any input—
output model must be robust, i.e. be able to accurately estimate the underlying system even
in the presence of noise. In many neuroprosthetic applications there is a large convergence
of input neurons onto any given output neuron and only a small portion of these input
neurons may be recorded. The unrecorded input neurons can be modeled as input noise.
Thus, in order to examine the robustness of the PBV method, the PBV kernels were
estimated with various amounts of spurious spikes added to the true/‘observed’ input spike
train. Fig. 4 shows the estimated PBV kernels for the system in Fig. 1 with 0, 50%, and
150% spurious spikes added. As can be seen, the underlying form of the kernels remains
remarkably consistent. The added noise manifests itself as high frequency ‘jitter’ in the
estimated kernels rather than a change in form. This corresponds with theoretical findings
that Wiener kernels are unbiased with uncorrelated Gaussian noise (Marmarelis and
Marmarelis, 1978).

In low noise environments, the most robust model was the LET, since the kernels were
confined to the Laguerre subspace and thus were immune to the high frequency jitters which
permeated the PBV and LSE kernels. In high noise environments (<150% spurious input
spikes), the PBV kernels proved to be the most robust since the least squares regression
technique on which both the LET and LSE method rely is not well suited for input noise
(Soderstrém, 1981). Although considering such high noise levels may seem superfluous, it is
actually quite necessary in neuroprosthetic applications where the experimenter may have
access to only a small handful of the hundreds of thousands of input neurons which may
synapse onto the output neuron. It should be noted that although we only analyzed the
robustness of the models to additive uncorrelated noise in the output, other types of noise
exist including correlated noise, multiplicative noise, and output noise.

3.4. Correlated inputs

Correlated point-process inputs were generated by filtering Gaussian white noise through a
lowpass filter and thresholding the filter output. The autocorrelation of x[t] is shown in Fig.
6A. The estimated naive and corrected PBV kernels are shown in Fig. 6B and C. As can be
seen, the corrected PBV kernels come much closer to reproducing the ground truth kernels
than the naive PBV kernels, establishing that the correction technique described in methods
is indeed effective. However, the corrected PBV kernels are still far from the ground truth
kernels. As mentioned previously, this is because the correction technique used is adapted
from Gaussian inputs and used only heuristically with correlated point processes.
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The obtained LSE and LET kernels obtained for the colored inputs are also shown in Fig. 6.
No correction needs to be applied to these kernels since they solve the ‘inverse problem’ and
can thus handle all types of inputs.

3.5. Real hippocampal data

The PBV method was applied to 10 datasets of CA3 and CAL recordings from the rodent
hippocampus (see methods). The input spike train had more power in the lower frequency
ranges (<8 Hz) than higher frequency ranges and thus was not broadband/Poisson. The data
was split in a training set and a testing set (33% of data). A representative example of the
kernels estimated through the different estimation methods for one of the datasets is shown
in Fig. 7, while the predictive power of these kernels is shown in Fig. 8A-C. The average
predictive power over all datasets for training and testing sets, as measured by AUC is
shown in Fig. 8D.

As can be seen, the time-course of the decay of the 2nd order naive (non-whitened) PBV
kernel is longer than that of the 2nd order whitened PBV kernel. This longer time course is
the result of the correlated input biasing the estimated PBV kernel. By using the whitening
technique described in section 11.D, this bias is minimized. The success of the whitening
method can be seen in Fig. 8, where the corrected PBV kernels clearly outperform the naive
kernels. Interestingly, the PBV kernels actually performed slightly better in the testing set.
This is an artifact of the inherent nonstationarities of physiological data, e.g. the selected
testing interval had less noise than the training interval.

The obtained LSE kernels were found to be extremely noisy. Thus, LASSO regularization
(Tibshirani, 1996) was used to limit the number of free parameters in the 2nd order kernel.
Nonetheless, the obtained regularized LSE kernels, shown in Fig. 7A and D, were found to
be quite noisy and difficult to interpret. This can also be seen in Fig. 8D, where the LSE
kernels generalized to the testing set poorly. Notably, the LSE method had the greatest
difference in predictive power between training and testing sets. This is presumably because,
as shown in Fig. 5, the LSE kernels are very unreliable in environments with high levels of
input noise. Rodent CA3 pyramidal cells, which are estimated to have on average 380,000
input synapses (West et al., 1991), can be presumed to have large amounts of unobserved
inputs, which in the modeling context is equivalent to noise.

Although the LET also relies on least squares estimation, by confining the kernels to the
Laguerre basis space, the LET avoids many of the issues of the LSE technique. In order to
obtain good results with the LET technique, however, two conditions must be met: the
underlying system dynamics must be expressible with Laguerre basis functions and the
alpha and L parameters must be known with sufficient accuracy. Both of these conditions
were satisfied by first fitting the obtained PBV kernels with Laguerre basis functions and
selecting an ideal alpha and L. As can be seen in Fig. 7C, the PBV kernels can be excellently
fit with alpha = 0.8 and L = 2. The LET was then used with these parameters to calculate the
kernels shown in Fig. 7A and B. As can be seen in Fig. 8D, the obtained LET kernels gave
the best results for both the training and testing set data.
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The obtained corrected PBV and LET kernels were found to be very similar. Both 1st order
kernels show an excitatory effect of the input onto the output with a time constant of roughly
30 ms. Furthermore, both showed strong 2nd order nonlinear facilitatory effects. This 2nd
order facilitation corresponds to the well-studied short-term potentiation (STP) or paired-
pulse facilitation commonly seen in neural systems. This phenomena has been studied
previously in the context of nonlinear Volterra modeling (Song et al., 2009, 2009).

4. Discussion

In this paper, we have proposed and demonstrated the efficacy of the PBV methodology for
modeling point-process single-input single-output systems such as those found in the
nervous system. The PBV kernels are derived in a novel and intuitive way using elementary
probability theory, which will hopefully make them more accessible to the broader
neuroscience community, which is largely unfamiliar with nonlinear systems theory. The
PBV kernels are obtained using a nonparametric/data-driven approach, which is ideal for
situations where a priori information about the system cannot be assumed. Such situations
commonly occur in neuroprosthetics which record/stimulate arbitrary neurons without
knowing their anatomical connectivity. The only assumption of the PBV method is that the
system under question be stationary and have finite memory.

The PBV method has shown itself to be remarkably robust to noise. Even with 150%
spurious spikes in the input spike train (i.e. only 40% of true input spike train is observed),
the estimated PBV kernels have shown only minor decreases in performance (see Fig. 4, 5).
The PBV method has also been shown to have good convergence properties. Although the
exact rate of convergence of any point-process model depends on the MFR rather than the
recording length, we have shown that with synthetic systems of Poisson rate parameter of
0.2, the PBV kernels give excellent results with only 1000 data points, and with real
hippocampal systems the PBV kernels achieved adequate performance with only 3 min of
recording.

The PBV method was compared with two other previously used methods to model point
process systems: the least squares estimation method and the Laguerre expansion technique.
The PBV method is most naturally compared with the LSE method since both models have
the same number of parameters and do not constrain the kernels to any fixed basis space as
the LET method does. The LSE kernels had slightly better predictive power in noise-free
synthetic systems (Fig. 3); however, they were shown to perform poorly in simulations
featuring high input noise (Fig. 5). This failing was confirmed in real rodent hippocampal
data where the 2nd order regularized LSE kernel had a high amount of jitter and was
difficult to interpret (Figs. 7 and 8). Additionally, the PBV kernels can be estimated for
Poisson inputs using much less computational power since they do not solve the inverse
problem.

The LET kernels, like the LSE kernels minimize mean squared error (MSE); however, while
the LSE kernels can be viewed as expanding the input on a basis of delayed delta functions,
the LET method expands the input on a set of L Laguerre polynomials, whose rate of
exponential decay depends on the alpha parameter. It should be noted that when alpha =0
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(i.e. immediate decay), the LET kernels become equivalent to the LSE kernels (Valenza et
al., 2013). The LET kernels outperformed the other two models with regard to predictive
power, convergence, and overfitting. However, the use of the LET technique assumes (1)
that the underlying dynamics can be expressed by the sum of L Laguerre polynomials and
(2) the alpha and L parameters can be known with sufficient accuracy. Examples of where
the 1st assumption would fail include systems with high order nonlinearities such as a
sigmoid (see discussion below) or systems with both fast and slow dynamics (Mitsis and
Marmarelis, 2002; Mitsis et al., 2002). In these cases, the PBV method would be preferred
over the basic LET method. In cases where the first assumption is met, such as rodent
hippocampal CA3—CAL1 dynamics (Song et al., 2007; Zanos et al., 2008), the PBV method
can be used to estimate the alpha and L parameters which are required for proper use of the
LET method. In previous work, these parameters were estimated using a global search (Lu
et al., 2011). Here, we have shown that these parameters can be found more efficiently by
first estimating the PBV kernels, which require no parameters, and then fitting the obtained
PBV kernels with Laguerre polynomials to optimize for alpha and L (Fig. 7C). As another
example, the LET kernels in Fig. 6 were reestimated using the alpha and L parameters
obtained through this method. The predictive power of the kernels with estimated
parameters differed from that of the kernels with ground truth parameters by less than 4%.
Thus, the PBV and LET methods can be combined synergistically to maximize
performance.

It should be noted that characterizing the nonlinear transformation between sets of neurons
is conceptually very similar to the goal of identifying the receptive fields of sensory neurons
such as V1 cells and auditory cells, which falls under the ‘encoding problem’ mentioned
earlier. The main difference is that sensory neurons are assumed to transduce continuous
stimuli from the outside world such as light and sound, whereas the neurons modeled here
are assumed to only transduce the spiking history of their input neuron. Mathematically, the
receptive field identification problem takes the form of identifying a function which maps a
continuous stimulus onto a binary spike train, while the systems identification problem maps
a binary spike onto another binary spike train. This difference is significant in our context as
the probabilistic framework for estimating the Volterra kernels presented here is
inapplicable with continuous inputs. Although they are not explicitly compared, the PBV
method has many similarities to reverse correlation methods used in receptive field
identification such as spike triggered averaging (STA) and spike triggered covariance (STC)
(De Boer and Kuyper, 1968; Van Steveninck and Bialek, 1988; Schwartz et al., 2006). In
fact, the first order PBV kernel is identical to the STA (albeit with a difference in scale). The
second order kernel however is distinct from the STC covariance matrix, as the former is
formed from the average value of the output with two input spikes at various lags, while the
latter is the covariance of the STA matrix. Furthermore, in STC analysis, the covariance
matrix is only an intermediate step in acquiring the set of linear filters of a system.

A 2nd order PBV model characterizes the response of a system to all pairs of input spikes at
all temporal separations. This includes many well-known phenomena in nervous systems

such as facilitation and depression, which are both under the umbrella category of short-term
potentiation (STP). This motivated applying the PBV method to data recorded from the CA3
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and CAL1 regions of the rodent hippocampus, where STP is well known to occur and has
been ascribed to accumulation of residual calcium and vesicle depletion in the presynaptic
terminal (Liley and North, 1953; Katz and Miledi, 1968; Betz, 1970). As hypothesized, non-
linear 2nd order effects were found in the form of facilitation. The observed facilitation
justifies the utility of using nonlinear dynamical models when studying the nervous system,
as opposed to linear dynamical models which are unable to describe such phenomena. It
should be noted that Song et al. (2007) showed 3rd order nonlinear effects in the
hippocampus which could in theory be modeled by the 3rd order PBV kernel. However,
including the 3rd order kernel showed only minor improvements in predictive power and
estimating the 3rd order kernel would require much longer data records. Finally, we should
note that while in this paper the PBV method was applied to neuron action potential data, the
method can be used to model arbitrary point process systems including highway traffic data
(Alfa and Neuts, 1995; Krausz, 1975), heartbeat dynamics (Barbieri et al., 2005), and
communications data (Frost and Melamed, 1994).

One fundamental limitation of the PBV approach is that it is designed for systems whose
underlying dynamics can be characterized by a 2nd order Volterra series. This excludes a
large number of systems such as neural networks which have a sigmoid non-linearity
(Bishop et al., 2006). Furthermore, the 2nd order kernel, which is 2-dimensional can often
be challenging to interpret, which is essential in biological physiomodeling. One solution is
the Principal Dynamic Mode (PDM) approach which decomposes the 2nd order Volterra
series into a Wiener cascade composed of a linear filterbank (the PDMs) followed by a static
nonlinearity in a manner similar to what is done in STC analysis (Marmarelis, 2004). The
PDMs are chosen as the most efficient linear basis set of the system. In SISO systems, the
PDMs can be thought of as the eigenvectors of the combined 1st and 2nd order kernel
matrix. For point-process systems, histogram based approaches have been successfully used
to estimate the static nonlinearity. This allows the static nonlinearity to take on any arbitrary
shape, including sigmoidal, and thus allow the estimated PDM model to cover a much
broader set of nonlinear systems. Furthermore, the 1-dimensional nature of the PDMs makes
them much more prone to interpretation than the kernel approach. In conclusion, with little
additional computational power, the estimated PBV model can be converted into the more
powerful and interpretable PDM model, as will be done in future work. Additionally, in
future work the current model will be expanded to cover systems with multiple inputs, in a
manner similar to how Wiener kernels were expanded for multiple inputs (Marmarelis and
Naka, 1974).
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Appendix A. Relation of PBV kernels with Poisson—Wiener kernels

Here we will show the equivalence between PBV kernels and the Poisson-Wiener kernels
derived in Marmarelis and Berger (2005). The Oth PW kernel is exactly equivalent to the Oth
PBV kernel, i.e.:
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PWo=PBVy=Y (Al)

The 1st PW kernel is defined as:

PV [7] :iE wl=[t—7) a2

where z[t] is the demeaned Poisson input, i.e. z [¢] =z [¢] — z and | is the variance of z[t],
ie.:

Thus, PW1 is:

PW, (7] iE(y[t]z[t_T]):;< 1 7>E (y[t]m [t—r— ED

_ 1 [Boldsl=r)) y} — 1 [CPK,[r] - CPKy A9
R z

= -LpPBV, [ 7]
11—z

This is exactly Eq. (11) in the text. Like the 2nd order PBV kernel, the 2nd order PW kernel
is undefined for t; = t,. For t; # ty, the second order PW kernel is:

1
PWy |11, 7] :2—#2E (yltlz[t —m]z[t —72]) (A5)
2

Once again, the 2nd order PW kernel can be shown to be a scaled version of the 2nd order
PBV kernel:

PWy [y, 7] %E(y[t]z[t—ﬁ]z[t—ﬁ])

- E<y[t]{ [t—Tﬂ—w}{x[t—Tg]—E})

x
_2
= ( T1Z9 — YZ1 x ) x +yz

. o (A.
= 2[915 —@%—@+y] 6)

= ( 1)2 [CPKy 1,7 — CPK;[711] — CPK1[72] +CPK)
11—z

= WPB‘/Q [’7’1,7’2]

(v}

where in the above derivations, 7, 3, and 5, were used respectively to represent y[t], x[t —
71], and X[t — 7] in order to promote clarity.
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Appendix B. Derivation of Wiener kernels for correlated Gaussian inputs

In this section, we show how to correct the Wiener kernel estimated using the cross-
correlation technique (Lee and Schetzen, 1965) from correlated Gaussian inputs. Namely,
the biased Wiener kernel must be deconvolved with the autocorrelation matrix of the input.
The proof will follow along the lines of that shown in Marmarelis and Marmarelis (1978)
and Korenberg and Hunter (1990). Furthermore, it will be shown where exactly the proof
breaks down for correlated point-process inputs.

To begin, we will assume that the arbitrary nonlinear functional which transforms the input
time-series x[t] into the output time-series y[t] can be expressed in the form of a Volterra
series:

y10=3G, (hn w18} @

where {kg} are the set of Volterra kernels, {Gg} are the set of Volterra functionals, and x[t]
is an arbitrary zero-mean correlated random process. Later it will be shown what the
implications are if x[t] is a correlated Gaussian process or a correlated point-process. For the
purpose of this proof, we will assume a quadratic nonlinearity (Q = 2). This assumption has
been shown to be quite reasonable in most cases, including point-process systems
(Marmarelis et al., 1986; Marmarelis, 2004).

As a preliminary to the main proof, we will first derive the expected mean of the output y[t]:

y= E(y[d)=FE <k0+§n:k?1 [n]z[t—n]+30 3 ka[ni,no]z[t —ni]z[t — nQ]) (B.

ni,n2

= kotZki [ E (2t —n)+ 3 5 ky[ny,m] B (2t —m]zt —n) 2

ny,n2
Now, the middle term is 0 since x[t] is zero-mean, giving:

kot Y2 Y ko [na,ma] én [ —ma] - g o

ni,mn2

We begin the proof by defining the 2nd order cross-correlation, which is essentially
equivalent to the 2nd order Wiener kernel (Lee and Schetzen, 1965)

Gaey=E (Yo [t]z [t — ]z [t —T2])= (B4
where y[t] is the demeaned output (i.e.  [£] =y [¢] — ¥)- Eq. (B.4) is then expanded as:

E(yltlz[t—n]z[t—n])= FE ({y [t] - ?5} z[t—m]z[t— T2]> (B.

- E@Mrw—nuu—an—E@xw—nuw—aD 5)

The definition of y[t] from Eq. (B.1) is now substituted into Eq. (B.5):
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Eq. (B.6) can then be simplified by substituting Eq. (B.2) and noticing that the 1st terms
cancel out, thus resulting in:

B (%kl [n]az[t—n]ﬂc[t—ﬁ]x[t—TgD

+---E > Zkg[nl,ng]x[tnl]r[tng]z[tTl]x[t72]> (B.7)

ni,n2

— Y kg [namo] E (x|t —my] 2 [t — ny))

n1,n2

At this point we can see the difference between correlated Gaussian processes and correlated
point-processes. The latter are mathematically ill-defined and thus their higher-order
moments cannot be simplified any further analytically. Gaussian processes, however, are
entirely defined by their 2nd order moments. Thus, very nice simplification properties exist
for higher order moments of Gaussians (Marmarelis and Marmarelis, 1978). All odd order
moments of Gaussians are zero so the first term of Eq. (B.7) vanishes. Furthermore, fourth
order moments of Gaussians can be simplified via the Gaussian decomposition property
(Marmarelis and Marmarelis, 1978). Thus, Eq. (B.7) becomes:

E (Z > kg[nl,ng]m[t—nl]x[t—ng]x[t—Tﬂa:[t—Tﬂ)

ni,n2

=X X ka[ni,mo] B (x[t —m]z [t —nyl)
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:zzng ka [n1,n2] ¢z (n1 — T1) i (N2 — T2) (B.8)
+¢e (7117—272) ann ka [n1,m2] ¢r (n1 — n2)

RS b [na ] B e[ m] e[t~ na)

:2Zn§;k22 [11,12] ¢z (N1 — T1) O (n2 — T2)

This is our final results and shows that the 2nd order cross correlation of a correlated
Gaussian input and the output is the 2d convolution between the input autocorrelation matrix
and the 2nd order Wiener kernel. Thus, the unbiased Wiener kernel can be attained by
multiplying the biased Wiener kernel (which is defined by the second order cross-correlation
of Eq. (B.4)), Ky, with the inverse of the Toeplitz autocorrelation matrix, &, (Korenberg and
Hunter, 1990):

Ky=0,'K;®," (B9
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where g, is the corrected 2nd order Wiener kernel.

Empirically, for point-process systems it was found that a modified form of Eq. (B.9) gives
better results (see Section 2.4):

Ky=0,'K, (B.10)
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Ground Truth System
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Fig. 1.
Representative ground truth and estimated system. Input spike train (A) is fed through the

2nd order nonlinear Volterra system, defined by the 1st and 2nd order kernels shown in (B),
and then thresholded to generate the output in (C). The input and output point-process time
series are then used to obtain the estimated PBV kernels shown in (D). The input is then fed
through the estimated system to generate the estimated output in (E). The top plot in (E)
shows the estimated continuous output (g, [¢)) overlaid on the true output (in gray). The red
vertical line shows the estimated threshold trigger value. The bottom plot in (E) shows the
estimated spike-train output, § [¢]. (For interpretation of the references to color in this figure
legend, the reader is referred to the web version of the article.)
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PBV Kernel

005

LET Kernel

T 20

Comparison of results from 3 models for system in Fig. 1. (A) Ground truth and 3 estimated
1st order kernels. All 1st order kernels were normalized by their power to make comparison
easier. Plot (B) shows the same for 2nd order kernels. Note that the diagonal of the 2nd
order LET and LSE kernel was added to the 1st order kernel as these diagonals reflect 1st
order dynamics (see text). (C) ROC plots for all three models. Note that the FPR (x-axis)
extends only t0.01 rather than 1 as in traditional ROC plots since the models were so

accurate.
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(A) Convergence & Overfitting of PBV Model Solid
Lines-Training Set. Dashed Lines-Testing Set
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(C) _ Steady State
Predictive Performance
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Convergence and overfitting analysis. Plot (A) shows the predictive power of both training
(solid lines) and testing (dashed lines) sets for data of various lengths ranging from 200 to
15,000 data points. (B) The performance of the training set, normalized by its maximal
(steady-state) performance. All points in A and B were averaged over N = 30 trials. (C)
Boxplot of median and quartiles of steady state performance.
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PBV, Kemnels (B) PBV, with 0% Spurious Spikes
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Degradation of PBV kernels with noise. PBV kernels were estimated for system in Fig. 1
are shown in A, while degradation of 2nd order kernels are shown in (B).

Fig. 4.
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(A) Robustness of PBV Model (®)
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Convergence of Testing Sets  (C) 1st Order Kernels with 200% Spurius Spikes
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Robustness analysis. (A) Reduction of predictive power of models as increasing amounts of
spurious spikes are added to the training set input. (B) Performance of training set
normalized by their performance in noise-free environments. (C) Estimated 1st order kernels
with 200% spurious spikes added to input. Notice the PBV kernel is the least affected. All
points in (A) and (B) were averaged over N = 30 trials.
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(B) Normalized 1%t Order Kernels ~ (C) PBV Naive
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Fig. 6.
Results for correlated point-process inputs. (A) Representative interval of correlated input

X[t] (above) and autocorrelation of x[t] (below). (B) Ground truth and estimated 1st order
kernels. Note that the naive PBV kernel fails to detect peak in the first bin. (C) Estimated
ground truth and 2nd order kernels. (D) ROC plots of estimated models. Note that correction
PBV kernels were able to achieve significant improvement over naive PBV kernels.
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Fig. 7.

Estimated 1st order (A) and 2nd order (B) kernels for real rodent hippocampal data. Note
ground truth is not available. (C) The results of fitting the estimated corrected 1st order PBV
kernel with Laguerre basis functions. As can be seen, the parameters L = 2 and alpha = .8
gave excellent results.
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Training Set ROC Curves (B)
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Fig. 8.

Predictive performance of models on real data. (A) Training set ROC curves (B) testing set
ROC curves (C) Training and testing performance as measured by p. Note that LSE model
has the most overfitting, while the remaining models are able to successfully avoid fitting
noise. (D) Mean + SEM predictive power for N = 10 hippocampal datasets. Note that

regularized LSE was used for all these cases.
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