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Abstract

This article presents the modeling of spike trains in auditory nerve fiber (ANF) models with a one-memory self-exciting point
process (SEPP) of the von Mises type. The ANF models were acoustically stimulated by a synaptic current of inner hair cells,
or electrically stimulated by sinusoidally amplitude-modulated pulsatile waveforms. It has been shown that the parameters of
one-memory SEPP of the von Mises type could be estimated by numerically maximizing the likelihood function from sample
realizations of the spike trains in response to acoustic or electric stimulus. Furthermore, it was found that period histograms
of the one-memory SEPP generated artificially on the basis of the estimated von Mises parameters agreed well with those of
acoustic or electric stimulus, by performing the uniform-scores test. It implies that the waveforms of pulsatile electric stimuli
should be selected such that the spike trains can be represented by one-memory SEPP of the von Mises type with appropriate
parameters, efficiently carrying information to the cochlear implant user’s brain, like that in acoustic stimulation of the healthy
ear. The findings presented in this paper may play an important role in determining optimal parameters of pulsatile electric
stimuli by using one-memory SEPP of the von Mises type, and further in the design of better cochlear prostheses.

Keywords Self-exciting point process - Directional statistics - Maximum likelihood estimation - Monte Carlo simulations -
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1 Introduction

Random phenomena with a background of periodicity have
been represented by a circular normal distribution, a von
Mises distribution, as directional or circular statistics (Mar-
dia and Jupp 1999). The von Mises distribution has been
extensively applied to specifying some phenomena observed
in natural sciences such as bird migration (Mouritsen and
Ritz 2005), wind direction (Carta et al. 2008), and neural
responses (Goldberg and Brown 1969). In auditory neu-
rophysiology, neural spike trains in response to acoustic
stimulation have been modeled as an inhomogeneous Pois-
son process with an intensity function being expressed as a
periodic function with von Mises distribution, (Siebert and
Gray 1963; Siebert 1965, 1970; Colburn et al. 2003; Heinz

Communicated by Benjamin Lindner.

B Hiroyuki Mino
mino@ieee.org

Department of Electrical Engineering, Kanto Gakuin
University, 1-50-1 Mutsuura E., Kanazawa-ku, Yokohama
236-8501, Japan

et al. 2001; Ashida et al. 2010; van Hemmen et al. 2011; van
Hemmen 2013).

A neuron inherently has “dead time” immediately after
a spike fires, a refractory period, which prevents the neu-
ron from generating spike firings even when the stimuli are
suprathreshold (Gray 1967; Gaumond et al. 1982, 1983;
Bi 1989; Li and Young 1993). The refractory periods may
affect information transmission between neurons more or
less (Berry and Meister 1998; Mino and Rubinstein 2006).
Random point processes with a history of the previous
point occurrences are self-exciting point processes (Hawkes
1971a,b; Ozaki 1979; Ogata 1981, 1983; Ogata et al. 1982;
Ogata and Katsura 1986; Snyder and Miller 1991; Daley and
Vere-Jones 2003). A one-memory self-exciting point process
(SEPP) has been proposed as a strong candidate to model
auditory neural spike trains in response to acoustic stimula-
tion (Johnson and Swami 1983; Miller 1985; Mark and Miller
1992), since a one-memory SEPP can account for aftereffects
with a history of the latest spike occurrences (Mino 2001).

However, it is yet unclear whether or not electrically stim-
ulated auditory nerves can be represented by a one-memory
SEPP with an intensity process being expressed as a periodic
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Fig. 1 The ANF model has 40 nodes of Ranvier and consists of 400
compartments. S.G. denotes a spiral ganglion cell with a diameter of
27 wm in the center. As a bipolar cell, the axons of the peripheral side
and the central side are connected to inner hair cell and cochlear nuclei
in the brain stem, respectively. A stimulating electrode is located at a

function of von Mises distribution in addition to refrac-
toriness, although some studies regarding a point process
framework have been reported (Goldwyn et al. 2010; Mino
2016).

The objective of this article was twofold: (i) to investigate
whether or not the spike trains of the auditory nerve fiber
model consisting of stochastic node of Ranvier in response to
acoustic stimuli at inner hair cell, or pulsatile electric stimuli,
can be represented by a one-memory SEPP of the von Mises
type, i.e., to see if the parameters of a von Mises distribution
can be estimated on the basis of the maximum likelihood
principle from observation of the sample realizations of the
spike trains, where the parameters of refractoriness were
assumed to be known; (ii) to assess the validity of design-
ing an optimal electric stimulating waveform determined in
terms of matching the von Mises parameters between acous-
tic and electric stimuli via a one-memory SEPP of the von
Mises type, by performing a statistical test of the equality
of two distributions, the uniform-scores test. The purpose
of seeking “optimal” electric stimulus is to improve hearing
performances for cochlear implant users.

This paper is organized as follows: Methods are described
in Sect. 2, and Results are shown in Sect. 3, followed by
Discussion and Conclusion in Sect. 4.

2 Methods

2.1 Auditory nerve model

The auditory nerve fiber (ANF) model was composed of spi-
ral ganglion and 40 sections of the node and myelin sheath

and was represented by the multi-compartment model of 400
compartments (McNeal 1976; Colombo and Parkins 1987,
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distance of 1 mm above the second node of Ranvier, while the trans-
membrane potentials are recorded at the 36th node of Ranvier. Note that
length is not to scale. [Adopted and modified from Mino et al. (2004),
Mino (2007) and Kumsa and Mino (2012)]

Finley et al. 1990; Frijns et al. 1994; Matsuoka et al. 2001)
as shown in Fig. 1, (Mino et al. 2004; Cartee 2006; Kumsa
and Mino 2012). In the peripheral side, the diameter of the
node of Ranvier and the width of the node gap were set at
1.2 pm and 1.0 pm, while the diameter of the myelin and the
length of the long axis of the myelin part were set at 2.0 pum
and 184 pm. In the central side, the diameter of the node of
Ranvier and the width of the node gap were set at 1.5 pm and
1.0 wm, whereas the diameter of the myelin and the length of
the long axis of the myelin were set at 2.5 um and 230 pm.
The diameter of spiral ganglion was set at 27 um. Figure 1
depicts an ANF model with an inner hair cell as well as
a stimulating electrode. In the cable model, the stochastic
sodium and potassium channel models (Clay and DeFelice
1983; Rubinstein 1995) were incorporated into each node
of Ranvier, in which 180 sodium and 100 potassium chan-
nels were modeled by a discrete-state Markov process (Neher
and Stevens 1977; Papoulis 1985) with eight and five states,
respectively, and were implemented by the channel number
tracking algorithm (Mino et al. 2002). The other parameters,
including resistance, capacitance, ion conductance, resting,
and equilibrium potential in fibers, were adopted from those
in (Mino et al. 2004; Cartee 2006; Mino 2007).

The transmembrane potentials can be expressed as a func-
tion of space k and time ¢ and were solved numerically by
the following equations (Mino et al. 2004):

v o - vl vilo - v o
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where

VIH () = ﬁ 0 2)

where VIX(1), (k = 1,2, ..., 400), p, z4, and e () denote
the extracellular potentials, the extracellular resistivity, the
distance from a stimulating electrode, and the electric stim-
ulating current, respectively, and where

WNa N (D (VA (1) — Ena)
+ NI OW @) = Ex) + Eine (1)
(atk=1)
mwa NS VI (1) — Exa) 3)
+n NI O @) - Ex)
(atnode, exept lstone)
0 (otherwise)

I[k](t) —

ion

where Ii[ﬁ (1), the ion channel current, Ng‘a] (t) and NI[<k ! 1),
the number of open channels in sodium and potassium chan-
nels that are expressed as a function of space k and time
t, and I (¢), the synaptic current of inner hair cell as
a function of time 7. yna and px denote the conductance
of sodium and potassium channels, whereas En, and Ex
stand for the reversal potential of sodium and potassium
channels. The parameters of resistance, capacitance, con-
ductance, and reversal potentials were adopted from those in
(Mino 2007). In computer simulations, the transmembrane
potentials V,,[f] (t) were solved numerically by the Crank—
Nicholson method (Press et al. 1993) at a sampling step (Ar)
of 2 ws.

2.2 Stimulus presentation and spike detection

The acoustic stimulating current, [inc(7), at inner hair cell
synapse, was presented to the first node of Ranvier of the
peripheral end. Iinc(#) was expressed as a filtered inhomoge-
neous Poisson process (Snyder and Miller 1991):

t
Ine(t) = / Tampe™ /4 Nipe () @
—00

where tipe = 0.3ms, and Limp = 3, 3.5, 4.0, or 4.5pA.
Nine (¢) stands for the counting process of the inhomogeneous
Poisson process with the intensity function of inner hair cell
activity:

Ainc(f) = )»spon + Asin(2) ®)
' | recos@m 1) (Asin(2) > 0)
Asin (1) = {0 (otherwise) ©

where f = 220,440, or 880 Hz, Agon = 50s7!, A =
1000, 1500, 2000, 2500, or 3000s~!, associated with inner

hair cell activity, i.e., sound pressure level. Note that the
acoustic stimulation presented above does not take a tran-
sient adaptation of inner hair cell synapse into account, as
spike trains in response to sustained stimuli are considered.
In our model, we consider a short time window in which
wide-sense stationarity can be assumed. The assumption of
stationarity has been extensively accepted in speech process-
ing and recognition.

The stimulating electrode was located at a distance of
1 mm above the second node of Ranvier. The stimulating cur-
rent presented to the electrode was an amplitude-modulated
pulsatile waveform, since it has been adopted for cochlear
implants in clinical situations (Tejani et al. 2017; McDer-
mott 2004).

The stimulating current, /e (f), was expressed as:

lete(t) = lpue(t) {1+ S55sinr f1+ @) )

where f stands for a sinusoidal frequency of 220, 440, or
880Hz, @ denotes a randomized initial phase taking a value
between O and 2w, and m designates a modulation depth
set at 8, 10, 12, 14, 16, 18, 20, 22, or 24 %. The different
kinds of sinusoidal frequency would be supposed to be dif-
ferent stimulating electrode of frequency bands, investigating
frequency characteristics. Ipyise (f) denotes the unmodulated
biphasic pulsatile waveform:

Iy Y {ult = ntin) — 2u(t — w — nTig)
n=0
+u(t — 2w — ntiny)} (3)
(Tt <t < NTpe + 2w)

0 (otherwise)

Ipulse ) =

where I, denotes the amplitude of pulsatile stimuli at 260,
265, or 270 pA, w = 40 s, and tjpy = 0.2 ms (5000 Hz),
and in which u(¢) denotes a unit step function as follows:

1 0<p
0 (otherwise)

u(t) = { ©)

The spike firing time was detected by determining when
the transmembrane potential showed the peak amplitude
and was greater than 50% of the peak amplitude of typical
action potentials. The post-stimulus time (PST) histogram
and period histogram were generated from the spike trains in
response to the stimulating current presented repeatedly 300
times.

2.3 One-memory SEPP of von Mises type
The characteristics of neural refractoriness can be incorpo-

rated into the intensity process of one-memory SEPPs as an
event history H:
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where N () denotes the counting process, f denotes sinu-
soidal frequency, «, and p are the parameters of von Mises
distribution, X stands for the parameter relating to the firing
rate, and w;(i = 1,2, ..., N(T)) denotes the spike firing
times and where

h0)=<1—eJJ?> (11)

in which 7,5 denotes the absolute refractory period at 0.3 ms,
while 7r denotes the relative refractory period at 0.5ms
(Mino and Rubinstein 2006).

The log-likelihood function of one-memory SEPPs is
expressed as (Snyder and Miller 1991):

L(N(®)|0)

T T
= —/ Mo)do —i—/ In[A(c)]dN (o)
0 0
T
= —X/ eKcos(andJru)h(t — WN(o))do
0

T
+ / In[X e <SCTfoF Bt —wy)IAN (o) (12)
0

where § = [X « 1]T denotes the parameters of the von Mises
distribution. The maximum likelihood parameter estimation
needs to be solved by computationally or numerically maxi-
mizing the log-likelihood function with the simplex method
(Press et al. 1993).

In practical situations, the number of sample realizations
P was set at 10, so that the parameter 6 was estimated using
the data from 2 s of recording time, as 7" was set at 200 ms. For
P stimulus presentations, the log-likelihood function should
be replaced by

LPY(N@)|0)

P T
=->x /0 e s Crlo O — ) do
=1

P T
+Z/ ln[XeKcos(an0+M)h
p=1"9
(r=wi,))Jav e (13)

We note that the intensity function (sample function) is one
of the stochastic processes, and thus the intensity “process”,
as seen from the fact that the function /4 (¢) of event history is
generated from the spike occurrence times, wl.(p ) (see Fig. 2).
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Fig. 2 Three typical sample realizations of the intensity processes in
one-memory SEPP of the von Mises type in which X = 35.0,x = 3.0,
n = 0.424, f = 220Hz, (1-3 rows); the expected value (mean) of the
intensity processes (blue), in addition to superimposed von Mises func-
tion without aftereffects of refractoriness Xexp(k cos(2mw ft 4 1)) (red)
(bottom row). Note that in 1-3 rows it follows from the function /4 (z)
of history that at each spike firing occurrence time the intensity takes a
value of zero and recovers exponentially with time, and that each inten-
sity process is quite different from others depending on the spike firing
occurrence time. Note also that in the bottom trace the expected value
(blue) could be decreased due to distortions by refractoriness in a com-
parison with the trace of von Mises function (red) (color figure online)

In the present paper, the firing rates, fipike, and vector
strength, VS, were calculated by substituting the estimated
von Mises parameters of SEPPs, X and k, into the expressions
described below in Eqs. (14) and (15). Equations (14) and
(15) came from the expressions of the maximum likelihood
estimates in which the neural spike trains could be repre-
sented by the IHPP of the von Mises type without refractory
components (Siebert and Gray 1963; Siebert 1965; Snyder
and Miller 1991):

fpike = XIo (k) (14)
VS = I (k) /Io(%) (15)

where Iy() and I; () stand for the modified Bessel function of
the first kind of order 0 and 1. We note that the expressions
of (14) and (15) would indicate the statistics corrected for
removing neuron’s refractory component via SEPP model-
ing.

2.4 The uniform-scores test

The uniform-scores test (Mardia and Jupp 1999) was car-
ried out to determine whether or not the period histogram of
the spike trains in response to acoustic or electric stimulus
could be close to that of artificially generated one-memory
SEPPs of the von Mises type, i.e., to test the equality of
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two distributions of the period histograms. The uniform-
scores test is a nonparametric test and would look like a
Kolmogorov—Smirnov test for directional statistics. The null
hypothesis in our case was expressed as follows: “Hy : F1 =
F>, against H; : F1 # F2” where F; and F, denote the
distribution functions of the period histograms, on the basis
of angle data [611, 612, ...,01n,] and [621, 622, ..., 61N, ],
(0 < 6y < 2m), sampled and transferred from the spike fir-
ing times of acoustically or electrically stimulated auditory
nerve models (group 1) and the artificially generated SEPP
model of the von Mises type (group 2), where N; and Nj
denote the number of angle data. The period histograms were
generated from these angle data. Furthermore, the equality
of two period histograms of the acoustical stimulus and of
the electrical stimulus was tested as well. The statistical sig-
nificance level was set at 1 %.

3 Results
3.1 Acoustic stimulation

The synaptic current of inner hair cells was generated
by a filtered homogeneous Poisson process as an acousti-
cally stimulating one for 200 ms in time length at lomp =
3.0,3.5, 4.0, 0r 4.5pA, A = 1000, 1500, 2000, or 2500 s~
, associated with sound pressure level, and f = 220, 440,
or 880 Hz (See 4-6). The stimulating current was applied
repeatedly 300 times to the peripheral end of ANF model,
and then, the transmembrane potentials at the 36th node of
Ranvier were recorded. The spike firing times were collected
from 300 sample realizations to construct the post-stimulus
time (PST) histogram.

The simulated synaptic current of inner hair cell, dot raster
plot, and PST histogram is depicted for first 20 ms as a typical
example for our regular conversation levels of 50-60dB in
SPL in the top, middle, and bottom row of Fig. 3, where
Lomp = 3.5pA, Ac = 2000 s~! and f = 220Hz. The dots
in the dot raster plot represent the spike firing occurrence
times. The PST histogram generated from the spike firing
occurrence times is drawn with a bin width of 0.2 ms in the
bottom traces. It follows from Fig. 3 that the spike firing
occurrence times or dot patterns are synchronized temporally
to the occurrences of synaptic currents of inner hair cells,
and the PST histograms can represent a periodicity of the
underlying activity of inner hair cells.

The fundamental properties of the spike trains, i.e., the
firing rates fspike and the vector strength VS, as a function of
the intensity of inner hair cell activity, A, were investigated
through Monte Carlo simulations. The von Mises parameters
of X, x, and n were estimated by the maximum likelihood
method according to Egs. (12) and (13), and then, fpixe and
VS were calculated on the basis of Eqgs. (14) and (15). We

1, (®) [PA]

Trial number

[kHz]

rate
° ¢
g | “

f

o

Time [ms]

Fig. 3 Typical example of the acoustically stimulating current wave-
form of hair cell synapse (top), the dot raster plot (second row), and PST
histogram (bottom) at f = 220Hz, Iy, = 3.5pA, and A = 2000 g1
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Fig.4 The mean and standard deviation of fspike (top) and 'S (bottom)
estimated from 10 Monte Carlo runs as a function of Ac s~! at an
amplitude of the acoustic inner hair cell synaptic current, Iy, of 3.0
(1), 3.5(x),4.0 (0), 4.5 (*) at a frequency of 220 (blue), 440 (magenta),
and 880 (red) Hz. Note that the statistics were corrected for removing
neuron’s refractory component via SEPP modeling (color figure online)

note that the estimated von Mises parameters are basically
not influenced by neural refractory properties, since the spike
trains are modeled by the one-memory SEPPs, which can
represent the spike’s aftereffects of reducing the intensity
process. For Monte Carlo simulations, the parameter esti-
mation was carried out repeatedly for 10 times, i.e., Monte
Carlo runs = 10, and the mean and standard deviations of the
estimated parameters were calculated. In Monte Carlo simu-
lations, 10 sample realizations were gathered, i.e., P was set
10 in Eq. (13), a total time length of 25 (200 ms x 10). Fig-
ure 4 shows the mean and standard deviation of fspike (top)
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and VS (bottom) estimated from 10 Monte Carlo runs as a
function of A, s~! at an amplitude of the acoustic inner hair
cell synaptic current, Imp, of 3.0 (1), 3.5 (x), 4.0 (0), 4.5 (%)
at a frequency of 220 (blue), 440 (magenta), and 880 (red)
Hz. We note that the statistics were corrected for removing
neuron’s refractory component via SEPP modeling. It sug-
gests that the firing rates tend to increase as A, increases,
depending upon the synaptic current amplitude, Iamp, and
sinusoidal frequency f. The slopes of the firing rates as a
function of A. tend toward greater at a greater value of Iyyp,
and tend toward smaller at a higher value of f. Meanwhile,
the vector strength does not look a significant dependency of
Ac, taking a value of around 0.8.

3.2 Electric stimulation

The sinusoidally amplitude-modulated pulsatile waveform
as a function of time for 200ms at I, = 255, 260, 265, or
270 WA, m = 8 to 24 %, and f = 220, 440, or 880 Hz was
generated as an electrically stimulating current (See 7-9).
The stimulating current was applied repeatedly 300 times to
the electrode located at a distance of 1 mm above the second
node of Ranvier of ANF model to obtain the spike firing
occurrence times of the spike trains recorded at the 36th node
of Ranvier.

The sinusoidally amplitude-modulated pulsatile electric
stimuli, dot raster plot, and PST histogram are depicted for
first 20 ms as a typical example in the top, middle, and bottom
row of Fig. 5, where I, = 270 pA, m = 10%, and f =
220Hz. The PST histogram generated from the spike firing
occurrence times is drawn with a bin width of 0.2 ms. It
follows from Fig. 5 that the spike firing occurrence times
or dot patterns are synchronized temporally to the sinusoidal
envelope of pulsatile electric stimuli, and the PST histograms
can represent a periodicity of the sinusoidal signal, looking
similar to that of acoustically stimulated situations shown in
the bottom trace of Fig. 3.

The basic characteristics of the spike trains in response to
pulsatile electric stimuli, fspike and VS, as a function of the
amplitude modulation depth, m, were investigated through
Monte Carlo simulations. The von Mises parameters of X,
k, and p were estimated by the maximum likelihood method
according to Egs. (12) and (13), and then, fspike and VS were
calculated on the basis of Egs. (14) and (15). The parameter
estimation was carried out repeatedly for 10 times, i.e., Monte
Carlo runs = 10, and the mean and standard deviations of the
estimated parameters were calculated. In Monte Carlo simu-
lations, 10 sample realizations were gathered, i.e., P was set
10 in Eq. (13), a total time length of 2s (200 ms x 10). Fig-
ure 6 shows the mean and standard deviation of fspike (top)
and VS (bottom) estimated from 10 Monte Carlo runs as a
function of m at an amplitude of the unmodulated pulsatile
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Fig.5 Typical example of the electrically stimulating current waveform
(top), the dot raster plot (second row), and PST histogram (bottom) at
f =220Hz, I, =270 A, and m = 10%
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Fig.6 The mean and standard deviation of fspike (top) and Vs (bottom)
estimated from 10 Monte Carlo runs as a function of the amplitude
modulation depth m % at an amplitude of the pulsatile waveform, Iuise,
of 255 (.), 260 (x), 265 (), 270 (*) at a frequency of 220 (blue), 440
(magenta), and 880 (red) Hz. Note that the statistics were corrected
for removing neuron’s refractory component via SEPP modeling (color
figure online)

stimulating current, I, of 255 (.), 260 (x), 265 (), 270 (*) at
a frequency of 220 (blue), 440 (magenta), and 880 (red) Hz.
We note that the statistics were corrected for removing neu-
ron’s refractory component via SEPP modeling. The results
of Monte Carlo simulations show that the firing rates tend
to increase as m increases, depending upon the amplitude of
unmodulated pulsatile stimuli, /,,, and sinusoidal frequency
/- The slopes of the firing rates as a function of m tend toward
greater at a greater value of /;,, and tend toward smaller at a
higher value of f. In the mean time, the vector strength tends
not toward a significant dependency of m, taking a value of
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Fig. 7 Typical example of the periodic von Mises function without
refractoriness (top), the dot raster plot of sample realizations of one-
memory SEPPs artificially generated from random numbers (second
row), and PST histogram (bottom) at f = 220Hz, X = 23.843, and
Kk =3.221

around 0.8. These results in electrically stimulated situations
are similar to those of acoustically stimulated situations.

3.3 The uniform-scores test for acoustic or electric
stimulus

The uniform-scores test was performed to quantitatively eval-
uate the equality of two period histograms, and further to
assess the validity of modeling acoustically or electrically
stimulated ANF spike trains with one-memory SEPPs of the
von Mises type. A period histogram was generated from the
spike firing times in response to acoustic stimulating currents
(shown in the top trace of Fig. 3) or electric stimulating cur-
rents (shown in the top trace of Fig. 5), while another period
histogram was created from the spike firing times of the arti-
ficially generated sample realizations of one-memory SEPPs
of the von Mises type (see Fig. 7). The von Mises parameters
of one-memory SEPPs corresponds to the mean of 10 param-
eters estimated from the spike trains in response to acoustic
or electric stimulating currents on the basis of the maximum
likelihood principle according to Egs. (12) and (13).

Figure 8 depicts four kinds of period histograms: that
of acoustically stimulated ANFs at Iy, = 3.5pA, Ac =
2000s~!, and f = 220 Hz (top left), that of artificially gen-
erated one-memory SEPPs of the von Mises type whose
parameters correspond to the acoustically stimulated situ-
ation at Xijpe = 23.843, kjne = 3.221, and f = 220Hz
(bottom left), that of electrically stimulated ANFs at I, =
270 pA, m = 10 %, and f = 220Hz (top right), and that of
artificially generated one-memory SEPPs of the von Mises
type whose parameters correspond to the electrically stim-

Acoustic ANF Electric ANF
- n=1110 n=1134
= 05 0.5
©
Ke)
<]
o
0 0
2 0 2 2 0 2
Period Period
1 1
Acoustic SEPP Electric SEPP
- n=1165 n=1165
=
©
Qo
e
o
2 0 2 2 0 2
Period Period

Fig.8 The period histogram of the spike trains in response to acoustic
stimulation at Iymp = 3.5pA, Ac = 2000 s~!, and f = 220Hz (top
left), that of artificially generated one-memory SEPPs corresponding
to acoustic situation at Xi,. = 23.843, kjpc = 3.221, and f = 220Hz
(bottom left), that of electrically stimulating ANFs at ;, = 270 pnA,m =
10 %, and f = 220 Hz (top right), and that of artificially generated one-
memory SEPPs corresponding to electric situation at Xele = 17.535,
Kele = 3.599, and f = 220 Hz (bottom right). The number “n” in each
inset indicates the number of angle data sampled from the spike firing
times in which the total time length was set at 10 s. The bin width was
setat 0.15

ulated situation at Xele = 17.535, kele = 3.599, and f =
220 Hz (bottom right).

The equality of two period histograms depicted at the top
left and bottom left of Fig. 8 was assessed by the uniform-
scores test at a statistical significance level of 1 %, suggesting
that the acoustically stimulated ANF spike trains can be mod-
eled by a one-memory SEPP of the von Mises type. The
null hypotheses were not rejected for 3 typical situations
of sound levels at A, = 1500, 2000, and 2500 s~! and at
f =220, 440, and 880 Hz.

The equality of two period histograms depicted at the top
right and bottom right of Fig. 8 was assessed by the uniform-
scores test at a statistical significance level of 1 %, suggesting
that the electrically stimulated ANF spike trains can be mod-
eled by a one-memory SEPP of the von Mises type. The null
hypotheses were not rejected for 3 typical situations of sound
levels at m = 8,10, 12, 16, or 20s~! and at f = 220, 440,
and 880 Hz.

Furthermore, the equality of two period histograms of the
acoustical stimulation at Ioyp = 3.5 pA, Ac = 2000 s~ and
f = 220Hz in the top left of Fig. 8 and of the electrical
stimulation at /, = 270 wA, m = 10 %, and f = 220Hz in
the top right of Fig. 8 was validated by the uniform-scores test
at a statistical significance level of 1 %. It follows from above
that the parameters of an electric stimulating waveform, I,
and m, can be optimally determined via one-memory SEPPs
of the von Mises type in terms of matching two von Mises
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parameters, Xihe & Xele and Kipe = Kele OF matching two
period histograms in response to acoustic and electric stimuli
as a supplemental statistical evidence.

4 Discussions and conclusion

In the present paper, it has been shown that the spike trains
of ANF models in response to acoustic stimuli of inner hair
cells or amplitude-modulated pulsatile electric stimuli can be
represented by one-memory SEPP of the von Mises type. The
validity of modeling the spike trains in response to acoustic
or electric stimuli with one-memory SEPPs of the von Mises
type was assessed by the uniform-scores test using a com-
parison of two period histograms at a statistical significance
level of 1 %. Furthermore, itis implied that an optimal electric
stimulating waveform can be determined in terms of match-
ing two von Mises parameters of acoustic and electric stimuli,
i.e., Xihc =~ Xele and kijhe = Kele, Via one-memory SEPPs of
the von Mises type, or matching two period histograms in
response to acoustic and electric stimuli as a supplemental
statistical evidence.

It is important for modeling spike trains to consider the
refractory properties since the refractoriness makes it possi-
ble to distort the intensity process of random point process,
and so reduce in a value of intensity processes, as is seen
from Fig. 2. In the present study, a one-memory SEPP of the
von Mises type has been adopted instead of inhomogeneous
Poisson process (IHPP) of the von Mises type, because the
estimation of the von Mises parameters by IHPP modeling
gives us biased (incorrect) parameter values. That is, one-
memory SEPPs with refractory properties can be expected
to avoid biases of the estimated von Mises parameters due to
distortion of intensity processes.

The fundamental characteristics of the spike trains, fspike
and VS, corrected for removing refractory component, as
a function of the intensity, A¢, for acoustic stimulus and of
the modulation depth, m, for electric stimulus were inves-
tigated as a first step. It was shown that the firing rates
fspike monotonically increased as A for acoustic stimulus or
m for electric stimulus increased, while the vector strength
VS could not depend strongly on A. or m. It would be rea-
sonable in statistical sense to determine an optimal electric
stimulating waveform, directly from the observations of the
fundamental characteristics between acoustic and electric
stimuli. Also, it may be much more reasonable to do so,
via the parameters of one-memory SEPPs, as the spike trains
in response to acoustic or electric stimulus can be represented
by one-memory SEPPs of the von Mises type.

Likewise, it is worth noting that an electric stimulating
waveform can be determined so that the von Mises param-
eters of electric stimuli can be close or approximately equal
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to those of acoustic stimuli, i.e., Xjhe & Xele and Kihe X Kele,
via one-memory SEPPs of the von Mises type, or the period
histogram of the spike trains in response to electric stim-
uli can be equal to that in response to acoustic stimuli via
one-memory SEPPs of the von Mises type. The step-by-step
procedure of determining the electric stimulating parame-
ters, i.e., pulse amplitude and modulation depth in our case,
in terms of “matching von Mises parameters” may be as fol-
lows:

Step 1: Estimate the von Mises parameters, Xjn and kipc,
from observation of the spike trains in response to acous-
tic stimuli within a parameter space of important speech
cues, as is shown in Fig. 4.

Step 2: Estimate the von Mises parameters, Xele and keje,
from observation of the spike trains in response to sinu-
soidally modulated pulsatile electric stimuli with an aid
of the parameter values of Xj, and «inc without searching
for a large-scale parameter space, as is shown in Fig. 6.
We note an importance of SEPP modeling, as it would
not only help remove refractory component, but also give
us an insight into determining parameter spaces without
thorough searching.

Step 3: Determine the electric stimulating parameters,
pulse amplitude and modulation depth in our case, such
that Xcje and kele can be close or approximately equal
0 Xine and Kinc, 1.€., Xihe ~ Xele and kine = Kele,
minimizing the mean squared error [(Xine — Xele)? +
(Kihe — /cele)z] /2. To make sure the equality of von Mises
parameters, the uniform-scores test was carried out as a
supplemental statistical evidence on the basis of equality
of two period histograms using two group angle data.

In the future, the concept presented in this paper would be
useful for designing an optimal electric stimulating wave-
form on the basis of statistical principle and would be verified
in animal experiments and/or clinical situations for cochlear
implant users.

For low-rate pulsatile electric stimuli at 200-300 pps, an
improvement of hearing performances has been found with
low listening levels for several cochlear implant patients in
clinical situations (Galvin and Fu 2005, 2009). In cases of
lower pulse rates, one-memory SEPPs of the von Mises
type would no longer be required for estimating the param-
eters without biasness, since the refractory properties might
not distort the intensity processes. The IHPPs of the von
Mises type, computationally more efficient and simpler than
SEPPs, would be good enough for modeling the spike trains
without considering the refractory properties, although one-
memory SEPPs of the von Mises type would still be validated
in cases of lower pulse rates. Even in cases of lower pulse
rates, the concept verified in the present paper for a high



Biological Cybernetics (2019) 113:347-356

355

pulse rate of 5000 pps will work for determining an optimal
electric stimulating waveform.

In this study, a conventional ANF model with a stochas-
tic node of Ranvier was adopted, like that of (Imennov and
Rubinstein 2009; Woo et al. 2009). Since the ANF model in
the present paper would not consider adaptation or transient
dynamics, extra ion channels like potassium channels with
low threshold as well as cation channels and/or inner hair cell
synaptic models with adaptation should be incorporated into
the computational model, in cases of wide-sense stationarity
unacceptable. In the present paper, we have focused on the
temporal response properties of auditory nerve fiber model to
a simple tone stimulus for a short time window of a hundred
millisecond, in which an assumption of wide-sense station-
arity would be validated, like that extensively accepted in
speech processing and recognition. This is because it would
be possible for transient dynamics to repeatedly make track-
ing of the von Mises parameters estimated from observations
within a short time window as time advances. Also, we note
that the sodium channels of Na v1.2 and/or v1.6 (Hossain
et al. 2005; Hu et al. 2009) may make a change in spike
initiations in ANFs. In the future, it shall be necessary to
incorporate extra sodium ion channels into the node of Ran-
vier.

As a simple model for characterizing the spike trains in
response to a single tone stimulus, one-memory SEPP of the
von Mises type with a single sinusoidal function was adopted
in the present work. We note that this approach would not
be applicable for more complex aperiodic random processes
without any modification. However, in principle, we may
extend the intensity process consisting of a single tone sinu-
soidal function to multiple sinusoidal functions, like a Fourier
series expansion, assuming that more “complicate” or “nat-
uralistic” inputs could be expanded to a series of orthogonal
functions. Or, we may do multivariate SEPPs in parallel fash-
ion with specific frequency bands, like a cochlear filter bank.

In conclusion, the findings presented in this paper may
play a key role in determining optimal parameters of pul-
satile electric stimuli to efficiently encode information on
important speech cues into the spike trains, and later in the
design of better auditory neural prostheses.
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