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[Abstract] 

 

Development of the electro-neural interface  

for cochlear implant 

 

Hyejin Yang 

Department of Biomedical Engineering 

The Graduate School of University of Ulsan 

 

An electro-neural interface model was developed to understand the clinical outcome and 

prediction of cochlear implant (CI) performance. The neural discharge patterns of electrically-

stimulated auditory nerve fibers (ANFs) were simulated using the model and graphically 

represented by a neurogram. The model was validated through comparison with clinical outcomes 

to obtain the effect of background noise and various stimulation rates on vowel identification. The 

vowel identification performance evaluated from both the CI subjects and the model decreased 

with increasing background noise; in contrast, it had no significant effect on the stimulation rate. 

However, the clinical outcomes (e.g., spectral ripple discrimination (SRD) performance) have large 

cross-subject variability to the extent of having the same CIs and sound processors. I investigated 

neural excitations and predicted the SRD performance depending on the distance between the 

stimulation electrode and auditory nerve fibers (ANFs), which affect the current spread. The SRD 

performance was predicted by calculating the similarity between the two neurograms in response 

to standard and inverted stimuli, respectively. The predicted SRD performance decreased with 

increasing electrode-ANF distance, which is consistent with previous studies. Additionally, the 

differential channel interaction (i.e., inhibition or facilitation) induced by various electrode-ANF 

distances influenced the SRD performance. The reducing current spread could be a solution to 

improving the low CI performance. The neural excitation, in response to the charge-balanced 
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asymmetric pulse, was exhibited to reduce the current spread using the model. The asymmetric 

pulse provided a greater threshold, comfortable level, and spread of excitation in comparison with 

the symmetric pulse. The results of this thesis reveal that the electrode-neural interface model 

developed can predict CI performance and may serve as a useful tool in understanding the neural 

elements and underlying factors of CI outcomes that cannot be evaluated by behavioral studies 

alone. 

 

[Key Words] Cochlear implant, electro-neural interface model, computational model, auditory 

nerve fiber, spectral ripple discrimination, pulse shape 
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1.1. Basic process of cochlear implant 

Cochlear implant (CI) is the most successful neural prosthesis to restore the function of human 

auditory perception. It comprises two general components: an external sound processor and the 

internal device (Fig. 1). The external sound processor consists of five basic components: a 

microphone, a speech processor, a power source, an external transmitting/receiving coil 

(transmitter in Fig. 1), and an external magnet. The internal device consists of six basic 

components: the internal receiving/transmitting coil (Receiver in Fig. 1), an internal magnet, a 

digital signal processor, a stimulator for electric pulse generation, electrode leads, and an electrode 

array.  

 

 

Figure 1. An illustration of a cochlear implant system. The image is provided courtesy of Mayo 

Clinic. 

The processing procedure in the CI is different among various CI systems, but there is some 

fundamental way to operate the CI. The incoming audio signal was captured by a microphone of 

the external sound processor and converted into an electrical signal. After then, the pre-amplified 

electrical signal is divided into different analysis bands (e.g., frequency bands or channels) by 

digital filtering to allow for frequency-specific processing and eventual stimulus delivery. The 

spectrally filtered signal is rectified and filtered by a low pass filter to capture the amplitude 

envelope of the input signal. Next, the enveloped signal is delivered across the skin to internal 
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device, and biphasic electric pulses were produced based on the enveloped signal. The amplitude-

modulated electrical pulses are delivered to electrode sequentially that correspond to a given 

analysis band [1]. Figure 2 shows the details of the interface between the electrode and auditory 

nerve fibers (ANFs). The electrode array in the cochlear implant system is comprised of 20 to 22 

electrodes depending on the company.  

 

 

Figure 2. An illustration of the electrode array in the cochlea. (A) electrode array from base to 

apex and (B) details Scala tympani with electrode from Macherey and Carlyon (2014) [2]. 
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1.2.  Speech coding strategies 

The attempts for multiple-channel stimulation were categorized as multiple-channel analog 

stimulation and multiple-channel feature extraction strategies. An example of multiple-channel 

analog stimulation is simultaneous analog stimulation (SAS), which stimulate ANFs using 

electrical signal, not electrical pulses. Although it preserves most all of the cues present in original 

input signal, the large channel interaction results from the simultaneous stimulation. Thus, feature 

extraction speech coding strategies that extracted a subset of acoustic cues was used with biphasic 

electrical pulses. The Continuous interleaved sampling (CIS) [1] is a basic speech coding strategy 

which is available in the CI systems for all three manufacturers. The modulated pulses with 

amplitude of the signal within each band are sequentially delivered to all electrodes. Typically, the 

stimulation rate ranges from 800 to 1600 pps with 8 channels in the CIS strategy. To improve 

temporal fine structure, a HiResolution (HiRes) sound strategy [3] was suggested with higher 

stimulation rate than CIS strategy, which was developed by Advanced Bionics. The advanced 

combination encoder (ACE) strategy [4] utilized a different approach from CIS approach. For a 

given input sound, the acoustic sound was divided into the all channels (m channels), but 

stimulation is implemented to only the n channels with the highest amplitude inputs. The n is 

typically referred to as maxima, which varies from 8 to 12 channels.  

 

1.3. Improvement of CI performance 

Although the number of electrodes is not enough to discriminate spectrally complex sound, 

the increase in the number of electrodes is restricted because of channel interaction between 

channels [5]. Thus, there are some limitations in the current CI system to understand speech in a 

noisy environment and enjoy the music. Many researchers have studied to improve CI performance 

by changing device factor and sound processor programming.  

In device factors, there are several studies related to electrode design [6]–[10]. Some 

researchers suggested the electrode position in the Scala tympani is important to improve CI 
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performance. Thus, the Cochlear
TM

 which is a manufacturer of cochlear implant developed 

perimodiolar electrode array. Bacciu et al. [10] compared speech performance between the Nucleus 

24 which was standard electrode array and Nucleus 24 Contour which was developed electrode 

array, which was constructed curved shape to reduce channel interaction. They showed that the 

significantly higher word and sentence recognition scores were obtained with the users of the 

Nucleus 24 Contour device. 

In the sound processing part, many studies have suggested various strategy to improve CI 

performance by changing pulse duration [11], inter-pulse interval [12], or pulse shape [13], 

electrode configuration [14]. However, overall researches have been implemented by the clinical 

test with CI users. It has some limitations such as across subject variability, time-consuming, and 

high cost. Therefore, the computational model study is necessary to predict CI performance or 

understand the clinical outcome. Furthermore, the computational model can be used to simulate 

various types of experiments that are impractical or impossible to perform in cochlear implant 

patients or animal models. 

 

1.4. Previous studies for computational model 

Although the behavioral or physiological test is implemented in the clinic to evaluate CI 

performance, there are some limitations to investigate neural response. Thus, the computational 

models have been developed to examine insight into the underlying mechanisms of electrical 

stimulation. The electrical cable model of the mammalian auditory neuron was developed by 

Colombo and Parkins [15], Starting with Frankenhaeuser and Huxley [16], who modeled a 

myelinated neuron based on Xenopus. In the three-dimensional volume conduction model, Finley 

et al. [17] developed a three-dimensional volume conduction model by using the Finite Element 

Method (FEM) to calculate the electric potential distribution in unrolled human cochlear geometry 

and then coupled the results to an auditory nerve model. The volume conduction models based on 

sophisticated geometries of implanted cochlea have been used to examine electric potentials (Fig. 3, 
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4) [18]–[26]. Although the electrical model of the auditory nerve which was based on mammalian 

neurons and morphological details of the human auditory nerve was refined by many researchers 

[27]–[29], some studies used activation function to estimate neural responses [17], [26], [30]–[33].  

 

 

Figure 3. Rotationally symmetric geometry of the guinea pig cochlea from Frijns et al. [18], [34] 

 

Figure 4. Spiraling tapered geometry of the implanted human cochlea from Kalkman et al. [35] 

 

As the neural activation model in the three-dimensional model is simple, some researchers 

implemented simulation using either active nerve fiber models or stochastic nerve model of single 
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nodes or fibers to analyze more complex aspects of neural stimulation [36]–[39]. Kang et al. [40] 

measured the electric potential distribution in the cochlea using a three-dimensional model and 

applied it to the stochastic nerve model of single fibers, which could be used to simulate neural 

response [41]. Previous studies had shortages to predict CI performance for new types of electrode 

arrays or novel sound coding strategies. It is necessary to develop a novel electro-neural interface 

model to evaluate CI performance.  

 

1.5. Research goal 

The goal of this dissertation is to construct an electro-neural interface model that was used to 

understand the clinical outcome and predict CI performance for the pretest. The model was 

validated by comparing with vowel identification results from CI subjects in Chapter Ⅱ, and the 

effect of electrode position on clinical outcomes was examined to understand across subject 

variability using the model in Chapter Ⅲ. Additionally, CI performance was predicted for various 

pulse shapes based on the neural response obtained by using the model in Chapter Ⅳ.    
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Chapter Ⅱ. Construction of the electro-neural 

interface model 
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2.1. Electro-neural interface model 

Figure 5 depicts the overall procedure of the electro-neural interface model. In stage 1, a wave 

file of speech input can be chosen to obtain a neural response. In Fig. 5, the waveform of /Hod/ is 

shown as an example for stage 1. In stage 2, pulse trains are generated for speech input based on 

the CI sound processing strategy as electrode outputs. Here, CI sound processing strategy could be 

an existing clinical strategy with multiple programming parameters (e.g., threshold and comfort 

stimulus levels, pulse-rate, width, number of active channels, etc.), or a novel signal processing 

that has not yet been approved for human testing (e.g., various pulse shape, simultaneous 

stimulation order). In stage 3, the pulse trains are delivered to a biophysical model developed by 

Woo et al. [39], [41], [42] to simulate ANF response. In stage 4, a neurogram is generated using the 

ANF response information. A neurogram is a graphical representation of neural discharge patterns, 

where discharge rate information for each CI channel is plotted over the duration of the acoustic 

stimulus. Detailed descriptions for each stage are provided in the following sections.  

 

 

 

Figure 5. Overall model design of the current study. 
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2.1.1. Cochlear implant sound processing 

The ACE strategy, which has been clinically used, was chosen to generate electrode outputs in 

response to the acoustic input stimulus [4]. Figure 6 shows the overall process to generate pulse-

train. The speech inputs were divided into the 22 channels (8 maxima) using ACE strategy to 

produce electric pulse trains. More specifically, the speech input digitalized at 16,000 Hz was 

filtered into 22 bands using 3
rd

 –order Butterworth bandpass filters. The cutoff frequencies of 22 

bands were188, 313, 438, 563, 688, 813, 938, 1063, 1188, 1313, 1563, 1813, 2063, 2313, 2688, 

3063, 3563, 4063, 4688, 5313, 6063, 6938, and 7929. Bandpass filtered signals were filtered using 

a 2
nd

-order low pass filter to obtain envelop of signals in each channel. The amplitude of signals 

was compressed based on dynamic range (DR), which is the range of minimum audible current 

level (threshold level) to comfortably maximum audible current level (comfortable level). 

Threshold (T) and comfortable (C) levels were set based on the onset (0-12 ms) response rate to 

specific stimulate rate of the electric pulse train. T and C levels were determined as the current 

level that would evoke the onset response rate of 10% (40 spikes/s) and 90% (360 spikes/s) of 

saturated response. The eight channels of 22 channels with the highest amplitude were used to 

modulate the biphasic pulse trains (cathodic first, 25 μs/phase) at each time point. Finally, the pulse 

train was generated for speech input /Hod/. All procedure was implemented by using a custom 

MATLAB program. The details were described in Yang et al. (2016) [43]. 

 

 

Figure 6. The procedure for generating pulse train using ACE strategy 
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2.1.2. Auditory nerve fiber model 

The ANF model developed by Woo et al. [41] was used in this study to measure ANF response. 

This model is a stochastic computational neural model based on anatomical components of a cat 

ANF [44] and incorporates a time-changing potassium concentration, which provides more 

realistic estimates of the neural coding in response to sequential stimuli. The neural response 

measured by this ANF model was tested comparing with neurophysiological responses from cats 

[39], [41]. Additionally, many kinds of research related to the neural excitation were implemented 

by using this ANF model. In this study, as the input to the ANF model was electrical pulse-trains 

(scaled in μA) and the primary output was the time-varying discharge rate of ANFs (in spikes per 

second), this model is suitable to measure the neural response to electric pulses. 

A schematic summary of the ANF model is shown in Fig. 7. The ANF model consisted of three 

peripheral internodes, cell body, and 20 central internodes. The length of peripheral internodes was 

set to 150 μm and internodal distance varied from 150 to 350 μm according to reported anatomy. 

The stimulation electrode was located on 9
th
 node which is the site over a central node to be 

consistent with measurement of cat ANF response which is the modiolar excitation in most cases 

[41], [45]–[47]. And the neural response was recorded from 20
th
 node to measure stable response 

without stimulation noise. Each internode was represented as the resistance and capacitance and 

each node of Ranvier included K and Na ion channels, which response stochastically based on the 

Markov jumping process [48], [49]. 
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Figure 7. Schematic of biophysical auditory nerve fiber (ANF) model from Woo et al. [41] 

The transmembrane potential Vm in each compartment [k] was calculated as: 
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  (1)  

 

where t is the current time, Rm is nodal resistance, Cm is nodal capacitance, Ra is axoplasmic 

resistance, Iion is the sum of the K and Na ion current, and Ve is the applied electric stimulus voltage. 

The ANF model included the adaptation component based on modifying external K
+
 concentration 

in proportion K
+
 current to account for rate adaptation across time as follows: 

 

0
[ ]( ) ( ) ( )

t

ext KK t I g t d       (2) 

 

where [ ]( )extK t  is a time-changing external K
+
 concentration, IK (τ) is K

+
 current, and g(t) is 

decay function. The changes of external K
+
 concentration at a specific time t was calculated by 
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convolving IK with g(t) from onset time 0 to t. The details of the ANF model is provided in Woo et 

al. [41].  

 

2.1.3. Electro-neural interface  

Figure 8 showed the procedure of measurement of neural response from the auditory nerve fiber 

model. The pulse train generated by the ACE strategy was sequentially delivered to ANF thought 

electrode array. However, in the real cochlea, there is channel interaction among electrodes. Thus, 

the induced current at ANFi is the sum of input current at selected eight electrodes at each time 

point t. The stimulation electrode in this model was set to a monopolar mode which is generally 

used in the clinic.  

 

Figure 8. Measurement of neural response from the auditory nerve fiber model 

 

 

Figure 9. The overall structure of the electro-neural interface model. 
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The CI configuration for the model was based on a Nucleus CI24 implant with 22 electrodes, 

where inter-electrode distance ranging from 0.4 (apical region) to 0.8 mm (basal region). Figure 9 

shows the geometry of the electrode and neural interface in this model. An ANF was located under 

each electrodes, and the resistivity (ρ) between the stimulation electrode and ANF is constant of 

0.3 kΩcm used [50]. The current 
,

( )
i kANFI t  at the node k on ANFi at time t was determined by 

summing the current ( )
kEI t  from 22 electrodes at time t as follow: 

 

1 , 2 , 22 ,

, 1 2 22
( ) ( ) ( ) ( )

E ANF E ANF E ANFi k i k i k

i k

d d d

ANF E E EI t I t e I t e I t e
  

       
     
     
                   (3) 

 

Where λ, the current-attenuation distance constant, was set to 2.784 to achieve the current decay 

of 3.12 dB/mm [51]. 
,i i kE ANFd  indicates the distance between the i

th
 electrode and axon 

compartment [k] on ANFi. 

 

2.1.4. Neural processing 

Figure 10 represents the procedure of neurogram generation. The neural responses were 

measured by the ANF model in 30 repetitions for the same stimuli. The post-stimulus time 

histogram (PSTH) of neural responses elicited at various characteristic frequencies (CFs) along the 

length of the cochlea were graphically represented by a neurogram. A relatively large bin width of 

4 ms was used to compute an average discharge rate for the construction of neurograms, given that 

the CI sound processor primarily presents acoustic temporal envelope information. The blue color 

depicts 0 spikes/s and red color indicates 360 spikes/s. 
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Figure 10. The procedure of generation of neurogram 

 

2.2.  Model validation 

To validate the model developed in this study, the effect of background noise and stimulation 

rate on vowel identification was predicted using model and compared with the result from CI 

subjects. The vowels were mixed with white Gaussian noise at five different signal-to-noise ratios 

(SNRs) including −5, 0, +5, +10, and +15 dB SNR to examine the effects of background noise on 

the neural representation of speech information. The effects of stimulation rate on simulated vowel 

identification were evaluated. Three different stimulation rates were tested including 900, 1200, 

and 1800 pulses per second per channel (pps/ch) as they cover the typical clinical values for ACE 

or other clinically available sound processing strategies (e.g., see the technical report by 

Cochlear
TM

 ). 

 

2.2.1. Stimulus 

Five different vowels (/ɑ, ε, i, ʌ, u/) were synthesized in the /hVd/ context based on the formant 

frequencies of vowels. The vowels were 200 ms long in duration and fundamental frequency (F0) 

for the vowels was set to 100 Hz. First and second formant frequencies (F1 and F2) were set to 

average frequencies for male speakers. Table 1 shows the formant frequencies for the vowels. 
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Table Ⅰ Formant frequencies for vowels 

Word IPA F1 F2 F3 

Hod ɑ 700 1110 2486 

Head ε 566 1791 2496 

Heed i 290 2346 3017 

Hud ʌ 575 1200 2355 

Who’d u 324 1223 2149 

 

 

2.2.2. Prediction of vowel identification 

The hypothesis of this study is the peripheral neural representations for different speech signals 

would be differently elicited, it could be related to perception at the central process. Thus, a 

quantification method is necessary to compare two different neurograms to predict vowel 

identification based on the neural representation of vowels in the implanted cochlear. A neurogram 

similarity index measure (NSIM) was employed to assess the similarity between two neurograms. 

Briefly, the NSIM for two neurograms (a and b) was computed as the product of a luminance 

function, l (a, b), and a structure comparison, s (a, b), as follows: 

 

( , ) ( , ) ( , )NSIM a b l a b s a b             (4) 

 

in which a and b indicate neurograms of two different speech signals. For the example of the 

evaluation of the effects of background noise, a indicates the neurogram for a vowel stimulus 

presented in quiet conditions, whereas b indicates the noise degraded neurogram for a vowel 

stimulus presented in noisy conditions. A function of luminance for two neurograms and a structure 

comparison were computed as follows: 
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where μ and σ are mean and standard deviation of 3 × 3 Gaussian weighted windows [52], and C is 

constant. Two constants were defined as C1 = (0.01L)
2
 and C2 = ((0.03L)

2
)/2, where L is the 

intensity range of neurograms. The NSIM ranges from 0, for uncorrelated neurograms, to 1, for 

identical neurograms. A mathematical metric was developed to estimate the discriminability of 

vowels based on NSIM. The percent corrects were predicted based on five different NSIMS to 

reflect the potential chance of confusion among vowels. It is plausible to assume that CI users 

might select the target vowel showing the largest NSIM. However, if there was a target vowel with 

a slightly lower NSIM from the actual target vowel, such vowels could be confused with the actual 

target vowel and produce confusion. A threshold and scoring of difference in NSIMs that could 

lead to vowel confusion is required to simulate these vowel confusion patterns. For this purpose the 

identification score function based on the sigmoid decision rule [53] was adopted as follows: 

 

( )

1

1 NSIM thrS Diff I
identification score

e
 




  (6) 

 

where S is the slope of the function, DiffNSIM is the difference of NSIMs, and Ithr is the identification 

threshold. The parameter values of Eq. (6) were selected by the optimization procedure. The S and 

Ithr were varied in 10 steps from 0 to 1000 and from 0.01 to 0.02, respectively. The percent corrects 

were assessed for each parameter value case and computed the correlation coefficient with the CI 

subjects data. This parametric evaluation determined appropriate values of S = 900 and Ithr = 0.017. 
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Figure 11. Neurograms in the presence and absence of background noise. The left graph shows the 

neurogram for the noise degraded utterance /Hud/ (vowel / ʌ /) at +5 dB SNR. The rest of the 

graphs show the neurograms in the absence of background noise. 

 

 

Table Ⅱ Example of identification scoring for the noise degraded utterance /Hud/ using the 

computational model. 

Noise degraded utterance: Hud 

Target vowel Hod Head Heed Hud Who’d 

Trial1 

NSIM 0.290 0.311 0.204 0.325 0.296 

Difference of NSIMs 0.035 0.015 0.131 0.000 0.029 

Identification score 0.000 0.891 0.000 1.000 0.000 

(rate of selection) (0.000) (0.471) (0.000) (0.529) (0.000) 

Trial2 

NSIM 0.281 0.312 0.203 0.331 0.287 

Difference of NSIMs 0.050 0.019 0.128 0.000 0.045 

Identification score 0.000 0.149 0.000 1.000 0.000 

(rate of selection) (0.000) (0.129) (0.000) (0.871) (0.000) 

Trial3 

NSIM 0.290 0.314 0.209 0.323 0.281 

Difference of NSIMs 0.033 0.008 0.114 0.000 0.041 

Identification score 0.000 1.000 0.000 1.000 0.000 

(rate of selection) (0.000) (0.500) (0.000) (0.500) (0.000) 

Identification total score 0.000 1.100 0.000 1.900 0.000 
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Table Ⅲ Example of a predicted confusion matrix for five vowels. Each value represents the sum 

of identification scores for three repeated simulations. The percent correct is calculated using the 

identification scores. Details of the calculation are explained in the text. 

Identification total score 

Noise 

degraded 

utterance 

Target vowel 

Hod Head Heed Hud Who’d 

Hod 3.00     

Head  3.00    

Heed 0.34 1.30 1.30 0.06  

Hud  1.10  1.90  

Who’d 0.89 0.89  0.35 0.88 

 

Table Ⅱ shows an example of identification scoring for the noise degraded utterance /Hud/. Figure 

11 shows an example of simulated NSIMs in the first trial of Table Ⅱ. In the first trial, the highest 

NSIM was found for the actual target vowel /Hud/ (0.325) when the noise degraded utterance 

/Hud/ was presented to the model. The target vowel /Head/ also showed a high NSIM (0.311), and 

the difference in these two NSIMs was 0.015. The identification scores and rate of selection 

calculated by the non-linear decision function of Eq. (6) were 0.891 and 0.471 for the target vowel 

/Head/ and 1.000 and 0.529 for the target vowel /Hud/, respectively. This means that, when the 

noise degraded utterance /Hud/ was presented as a stimulus, the model could choose either the 

target vowel /Head/ or /Hud/, rendering 0.471 and 0.529 rates of selection for each vowel, 

respectively. The numbers in the parentheses in Table Ⅱ denote the possibility of selection of each 

target vowel when the noise degraded utterance /Hud/ was presented. Such computations were 

performed for three different trials. In Table Ⅱ, it is interesting to note that the prediction was made 

differently in the second trial compared to the first trial: the rates of selection for the target vowels 

/Head/ and /Hud/ were 0.129 and 0.871, respectively. In the third trial, the difference in NSIMs for 

the target vowel /Hud/ and /Head/ was 0.008, with the identification score computed as 1.0. Thus, 

for the third trial, the target vowel /Head/ would be selected by the model with the rate of selection 

of 0.5. The bottom row of Table Ⅱ displays the sum of the possibility of the selections at each 
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target vowel. When the noise degraded vowel /Hud/ was presented, the highest probability of 

selection was shown by the actual target vowel /Hud/, followed by the vowel /Head/. An example 

of predicted identification total scores for five vowels at +5 dB SNR is shown in Table Ⅲ in the 

form of a confusion matrix. The diagonal elements (gray color) indicate the correctly identified 

scores, while other elements indicate inaccurately identified scores for 3 repeated simulations. 

Finally, the percent correct was calculated as follows: 

 

(%) 100correct

total

N
Percent correct

N
    (8) 

 

where Ncorrect is the sum of diagonal elements and Ntotal is the sum of all elements in a confusion 

matrix. While Ncorrect in the clinical test is calculated as the number correctly identified after Ntotal 

vowel presentations, the Ncorrect in simulations is calculated as the expected level of identification. 

Thus, Ncorrect in Eq. (8) is calculated down to two places of decimals. 

 

2.2.3. Clinical test 

Nine unilateral CI subjects (Table Ⅳ) participated in the vowel identification test. All 

participants have used the ACE strategy for over 1 year and were tested with their own devices. 

The five-vowel set was identical to those used in the modeling (Table Ⅰ). Each vowel was presented 

using a loudspeaker (HS 50 M, Yamaha) positioned 1 m away at 60 ± 5 dBA in a double-walled 

sound proof room. Each CI subject was asked to select the answer among the five vowels. The 

vowels were presented in random order and each vowel was tested three times. Thus, 15 vowels 

were randomly presented at each session. At each session, the simulation rate (900, 1200, 1800 

pps/ch) and noise level (+15, +10, +5, 0, −5 dB SNR) were changed in random order. The test and 

the written informed consent procedure were approved by the Samsung Medical Center 

Institutional Review Board. 
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Table Ⅳ Characteristics of cochlear implant subjects 

Subject Age Sex Etiology 

Duration of 

implant use 

(years) 

Implanted 

ear 

C01 61 M Otitis media 3.25 L 

C02 53 F Unknown 2.30 L 

C03 60 F Ototoxicity 8.50 R 

C04 52 F Sudden 2.42 R 

C05 74 M Unknown 1.50 L 

C06 59 F Sudden 2.58 L 

C07 70 M Sudden 2.00 L 

C08 27 F Unknown 6.17 R 

C09 43 F Sudden 6.08 L 

 

2.2.4. Results 

To assess the effects of background noise on the neural representation of vowels, NSIM metrics 

were evaluated between the neurograms for vowels that were presented in quiet and noisy 

conditions at +15, +10, +5, 0, and −5 dB SNR. In quiet conditions, the neurogram nicely captured 

the envelope modulation patterns for F1 and F2 information, which serve as strong cues for vowel 

identification for normal-hearing listeners and CI users. As SNR decreased (i.e., more background 

noise added), the representation of the target vowel was smeared out. For example, the neural 

activities that encoded the F1 and F2 vowel information became hardly distinguishable from the 

background noise, posing a significant challenge to the central auditory system to identify the 

target vowel. The degradation of neural information for the target vowel was quantified using the 

NSIM metrics. Figure 12 displays the neurogram for the target vowel /Hod/ (vowel /a/) presented 

in quiet conditions compared to the neurogram for the same vowel presented in noisy conditions at 

+15dB SNR; the NSIM was 0.673. As more background noise was added to the target vowel, 

NSIMs systematically decreased from 0.673 to 0.232. NSIMs for five individual target vowels are 

plotted as a function of the level of background noise in Fig. 12. The decrease in NSIM was 
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indicated with increasing background noise level for five vowels. Figure 13 shows the NSIMs 

between the neurogram in quiet and neurogram in background noise with each level.  

Using the NSIM metrics, the effects of background noise and stimulation rate on simulated 

vowel identification were evaluated. The simulated percent correct was compared with the percent 

correct for CI subjects in Fig. 14. The percent corrects obtained by the CI subjects were presented 

by box plot and predicted percent corrects were plotted using the bar with the pattern. Figure 14A 

shows the effect of background noise on three different stimulation rates. The results for the effect 

of the stimulation rate for five background noises are presented in Fig. 14B. While both of percent 

correct for CI subjects and predicted percent correct decreased regardless of stimulation rate, there 

is no significant difference between the stimulation rates. The predicted results have a similar 

tendency with the percent correct for the subject.  

 

 

Figure 12. Example of neurograms for the target vowel /Hod/ (vowel /ɑ/) processed in quiet 

and in noisy conditions at +15, +10, +5, 0, and −5 dB SNR, respectively.  
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Figure 13. The NSIMs for five vowels with increasing background noise level from +15 to -5. 

 

 

Figure 14. Effects of (A) background noise (+15, +10, +5, 0, and −5 dB SNR) and (B) stimulation 

rate per channel (900, 1200, and 18,000 pps/ch) on the percent correct from the subject (box plot) 

and the computational model (bar plot).  
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Table Ⅴ One way ANOVA results for the percent correct from subjects with the main factors of 

background noise level and stimulation rate per channel.  

Fixed condition Variables p-value Post hoc (p<0.05) 

Stimulation rate 

(pps/ch) 
   

900 Noise level (15, 10, 5, 0, -5 dB SNR) <0.001 15, 10>0, -5, 5 >-5 

1200  0.006 15, 10 > -5 

1800  0.005 15, 10 > -5 

Noise level 

(dB SNR) 
   

15 Stimulation rate (900, 1200, 1800 pps/ch) 0.859  

10  0.371  

5  0.918  

0  0.720  

-5  0.908  

 

 

Figure 15. Correlation between averaged percent correct from subject (Percent correctsub) and 

percent correct predicted using a computational model (Percent correctComp). 
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2.3.  Conclusion & Discussion 

In chapter Ⅱ, the electro-neural interface was constructed using ANF biophysical model to 

evaluate CI performance. Additionally, the model was validated by evaluating the effect of 

background noise and stimulation rate on vowel identification. The results showed that the 

predicted percent correct by computational model produced similar trends in the effect of 

background noise and stimulation rate on vowel identification from CI subjects. This successful 

prediction of the pattern of CI subject data expected to advance the current understanding of neural 

coding of speech information in CI users. As a proof-of-concept, the implementations of the 

electro-neural interface model were very generic in nature. However, the results were not 

considered the individual factors such as stimulating electrode position, neural survival, or dead 

regions. And the stimulation electrodes located in Scala tympani stimulates the spiral ganglion cell 

body or peripheral ANF [54], while the electrode stimulates central ANFs in this model. 

Furthermore, the developed model was validated only using vowel identification. But, the 

framework of the model is very flexible. The model could be expanded to other types of speech 

perception experiments (e.g., consonant, word, or sentence identification), or music perception 

experiments (e.g., pitch discrimination, melody or timbre identification), or more general 

psychoacoustic experiments. In this study, the model was developed based on the specific CI 

product (i.e., Nucleus CI24 implant). However, expanded model to other CI product could be 

developed with changing the physical factors such as inter-electrode interval, electrode size, or the 

number of electrodes. It is also important to stress that the model approach can be used to evaluate 

CI signal processing, including novel sound processing strategy and various combinations of 

mapping parameters. Additionally, the developed model could be used to understand the effect of 

the neural component on clinical outcomes such as across subject variability. The current approach 

offers potential opportunities to modify the model parameter based on actual biological conditions 

of individual users' cochlea. Such subject-specific approaches will provide a more realistic effect 

size of model predictions that could be potentially translated to clinical applications   
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Chapter Ⅲ. Understanding the effect of electrode 

position on clinical outcome 
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The spectral resolution is an important factor for speech perception in CI recipients [55], [56], 

because an intracochlear electrode array in the CI stimulates the auditory nerve fibers (ANFs) 

corresponding to a characteristic frequency (CF) based on the tonotopicity of the cochlea. The 

spectral resolution of electrical hearing has been widely evaluated by spectral ripple discrimination 

(SRD) test, which shows a significant correlation with speech perception in CI users [30], [57]–

[60]. Although SRD performance has a significant correlation with speech perception, across-

subject variability in this test is often large even among patients using the same implants, sound 

processors, and coding strategies. SRD performance is influenced not only by device factors (e.g., 

implant type [61], sound processor, or electrode design [6]) and biological factors (e.g., residual 

hearing [62], shape of cochlea, or electro-neural interface [63]) which affect to speech perception 

could be reasons for across-subject variability. A clinical test can evaluate the effect of some 

factors on SRD performance by manipulating or measuring these factors, but it is more challenging 

to understand neural elements in clinical settings. Therefore, a computational model is necessary to 

investigate the pattern of neural excitation for various factors. 

As the preceding electric pulse coming from neighboring electrodes which influenced by 

electrode-ANF distance can result in either unexpected facilitation or inhibition of the neighboring 

ANF response [64], [65], we hypothesized that poor SRD performance could be influenced by the 

various pattern of neural excitation depending on the electrode-ANF distance. In this study, we 

investigated the effect of neural excitation patterns depending on electrode-ANF distances on SRD 

performance. The electro-neural interface model was used to change the electrode location easily, 

and to control the other factors such as ANF fiber, inter-electrode interval, or ANF location.  
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3.1. Methods 

3.1.1. Rippled noise stimuli 

Rippled noise stimuli were composed of 200 pure tone frequency components with bandwidths 

from spanning 100 to 5,000 Hz [60]. The amplitude of frequency components is determined by a 

full-wave rectified sinusoidal envelope, with a peak-to-valley ratio of 30 dB. The spectral envelope 

phase of standard ripple noise stimuli was set to zero radians, and the inverted ripple noise stimuli 

had a reversed-phase (Standard and inverted ripple noise stimuli have the phase difference of a 

full-wave rectified sinusoidal spectral envelope. The phase of standard ripple noise stimuli was set 

to zero radians, while for inverted ripple noise stimuli, it was set to π/2) (See Fig. 16). The ripple 

densities were set at 1.0, 2.0, and 4.0 ripples per octave (r/o) for the current modeling study. The 

stimuli had a total duration of 200 ms with a ramp of 50 ms rise/fall time. 

 

 

Figure 16. The spectra of spectral ripple noise from 100 to 5000 Hz for standard ripple (S.R., black 

line) and inverted ripple (I.R., gray line) noises with a ripple density of 1 ripple/octave (r/o) (upper 

panel) and 2 ripple/octave (bottom panel).  
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3.1.2. Scoring spectral ripple discrimination performance 

The correct score was calculated based on the NSIM between two neurograms of standard and 

inverted ripple stimuli. Figure 17A shows the example of neurograms for 1.0 r/o and scoring 

function used in part 2. The NSIM was calculated by using Eq. (4) and (5) in part 1. Similar to 

Chapter Ⅱ, the SRD performance was scored based on the sigmoid decision rule as follow: 

( )

1
100

1 thrS NSIM D
correct score

e
 

 


    (9) 

where S is the slope of the function, NSIM is the similarity between two neurograms of standard 

and inverted ripple noise stimuli, and Dthr is the discrimination threshold. The discrimination 

threshold was set to 0.61, and the slope of the function was set to 21, producing the smallest square 

root error between the median of simulated percent correct for five electrode positions and the 

mean of a CI subject’s percent correct. The correct scoring function was shown in Fig. 17 B. An 

NSIM of 0.5, which was similar to the index between neurograms indicated in B, is converted to 

the correct score of 85.44 %.. 

 

Figure 17. The procedure for calculating a correct score for spectral ripple discrimination. (A) an 

example of a neurogram for standard (left) and inverted (right) ripple noises with 1 r/o. (B) the 

correct scoring function for converting an NSIM to the correct score.  
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3.2.  Results 

3.2.1. Neural response to the pulse train 

Figure 18 indicates the ANF response for the five electrode-ANF distances from the top to 

bottom panels to show the effects of electrode-ANF distance on the spread of excitation. The 1
st
 to 

22
nd

 ANF responses to a pulse train with a pulse rate of 900 pps for C level were measured for one 

channel. The ANF response for seven electrodes (i.e., the 3
rd

, 6
th
, 9

th
, 12

th
, 15

th
, 18

th
, and 21

st
 

electrode from the basal to the apical turn) were expressed in the seven combinations of colors and 

patterns in Fig. 18. For the electrode-ANF distance of 0.23 mm, only ANFs directly under the 

stimulation electrode were elicited. However, the 20
th
 and 22

nd
 ANF responses were observed for 

the electrode-ANF distance of 0.68 mm, even though stimulation was applied to the 21
st
 channel. 

Because the electrode spacing was relatively narrow at the apical region of the electrode array, the 

spread of excitation occurred only at the apical region of the electrode array. At a distance of 1.18 

mm. The spread of excitation induced at the 9
th
, 12

th
, 15

th
, 18

th
, and 21

st
 ANF consisted of relatively 

large electrode spacing. Furthermore, at an electrode-ANF distance of 1.88 mm and 2.08 mm, the 

spread of excitation was additionally induced at the 3
rd

 and 6
th
 ANF, with the largest electrode 

spacing. The spread of excitation was not observed in the basal region of the electrode array where 

electrode spacing between the neighboring electrodes was relatively large. In contrast, it was 

observed in the apical region of the electrode array where electrode spacing between the 

neighboring electrodes was relatively narrow. The spread of excitation was larger as the electrode 

was located further away ANFs, and the spread of excitation was smaller as the electrode was 

placed closer to ANFs. The model was able to show an increasing spread of excitation with 

electrode-ANF distance, consistent with previous literature [66]. 
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Figure 18. The spread of excitation stimulated by seven electrodes (3
rd

, 6
th
, 9

th
, 12

th
, 15

th
, 18

th
, and 

21
st
) with five electrode-ANF distances.  
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As the electrical pulses are sequentially delivered to eight channels with ACE strategy, the pulses 

from the neighboring channels lead to a forward masking effect. Fig. 19 shows the effect of the 

preceding pulse train level on the ANF response to the probe for five different electrode-ANF 

distances. We measured ANF response from ANF which is closest to the stimulation electrode to 

the probe by changing the level of preceding pulse train induced by the current spread. The 

preceding pulse train and the probe were presented by the same channel. The probe was a single 

biphasic pulse with a width of 25 μs, and the probe-level which was a different current level 

depending on electrode-ANF distances was fixed to achieve a firing efficiency (FE) of 90 % of 100 

repetitions. The preceding pulse train was a 1-ms-long, 7200 pps, which was the stimulation rate 

for a single frame needed to achieve 900 pps/ch, and the stimulation levels of preceding pulse train 

were varied from −20 to 0 dB compared with the probe level. ANF responses were obtained for 

100 repetitions. 

The FE was 90 % with the unmasked probe at all electrode-ANF distances, and ANF responses 

to the probe were reduced at preceding pulse train levels less than -5 dB. However, the extent of 

reduction depended on the electrode-ANF distance. At −10 dB preceding pulse train level, the FE 

was slightly reduced with an electrode-ANF distance of 0.23 mm, while the FE was sharply 

reduced with the electrode-ANF distance of 2.08 mm. Additionally, at preceding pulse train levels 

greater than -5 dB, the FE with the electrode-ANF distance of 2.08 mm increases sharply while the 

FE with the electrode-ANF distance of 1.88 mm shows only a slight increase. These findings show 

that the ANF response to the probe is inhibited or facilitated by both the masker preceding pulse 

train level and the electrode-ANF distance, and it is essential to understand the effect of the 

forward masking pattern induced by sequential stimulations on the perception of complex stimuli 

such as spectral ripple stimuli. 
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Figure 19. The effect of electrode-ANF distance and preceding pulses level on neural response to 

the probe.  
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3.2.2. Neural response to spectral-ripple stimuli 

Figure 20 shows the effect of the pulse train delivered from the neighboring electrodes on ANF 

responses using standard ripple noise with a ripple density of 1.0 r/o. The pulse train and the ANF 

response to the 5
th
 electrode (basal region of the electrode array) and the 21

st
 electrode (apical 

region of the electrode array) are presented in Fig. 20 A and B, respectively. The left column of 

each panel shows the stimulation pulses and the ANF response to the primary electrode (only the 

ith electrode) without a current spread and the right column of each panel indicates the combined 

stimulation pulses of both primary electrode and the neighboring electrodes delivered by current 

spread and ANF responses to that pulse trains. The ANF responses were measured at all five 

electrode-ANF distances. The stimulation pulses of primary electrodes (5
th
 and 21

st
 electrode) were 

positioned based on stimulation order (basal to apical); while the pulse of the 5
th
 electrode was 

presented earlier than other stimulation pulses, the pulse of 21
st
 electrode appeared later than other 

stimulation pulses. 

The ANF response to the pulse train with only the 5
th
 electrode and combined stimulation pulse 

trains are represented using a dot plot (see Fig. 20). When looking at the number of spikes, we 

observed that the ANF response to a combined stimulation pulse train was smaller than the ANF 

response to the pulse train with only the 5
th
 electrode for an electrode-ANF distance of 0.23 mm to 

1.88 mm. This result indicates that the pulse train delivered from the neighboring electrodes 

inhibited the ANF response [64]. In contrast, for an electrode-ANF distance of 2.08 mm, the ANF 

response to combined stimulation pulse trains was higher than the ANF response to the pulse train 

with only the 5
th
 electrode. The ANF response to the 21

st
 electrode was slightly different from ANF 

responses to the 5
th
 electrode, as shown in the bottom row of in Fig. 20 B. Although the ANF 

response to combined stimulation pulse trains was inhibited with an electrode-ANF distance of 

0.23 and 0.68 mm, the ANF response to combined stimulation pulse trains was facilitated for an 

electrode-ANF distance of 1.18 and 2.08 mm. While the stimulation pulses of the neighboring 

electrodes would inhibit the ANF response with short electrode-ANF distance, the delivered pulses 
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from the neighboring electrode with a large electrode-ANF distance would facilitate more ANF 

response. 

 

 

Figure 20. An example of the electrical pulse train and dot raster plot of spike activity for each 

sweep in 30 sweeps across stimulus time for the 5th ANF (A) of the basal region and the 21st ANF 

(B) of the apical region.  
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The effect of current spread on ANF responses could be predicted by using differences between 

the number of spikes with and without the current spread. Figure 21 shows a current spread factor 

which was the normalized difference between the total spike number with and without the current 

spread. The x-axis of Fig. 21 indicates the ANF number for which a neural response was measured, 

and the y-axis indicates a current spread factor for ANF responses. A current spread factor of 0 

represents no effect on the ANF response to the primary electrode. A negative current spread factor 

represents the inhibition of the ANF response to the primary electrode. In contrast, a positive 

current spread factor denotes an excited ANF response to the primary electrode. The current spread 

factors for the five different electrode-ANF distances are represented by five different patterns; 

ripple densities of 1.0, 2.0, and 4.0 r/o are represented in the left, middle, and right column. The 

upper and lower panel of Fig. 21 shows the current spread factors for standard ripple stimuli and 

inverted ripple stimuli, respectively. The stimulated ANFs for standard ripple noise were 

overlapped with stimulated ANFs for inverted ripple noise as ripple density increased because 

ripple spacing is narrower with ripple density of 4.0 r/o. 

Overall, the ANF response to the stimulation electrode located close to the ANF had a smaller 

current spread factor due to the sub-threshold masking effect. However, in the apical region of the 

electrode array (from the 18
th
 to 22

nd
 electrode), the current spread factors were zero or greater 

because the pulse train delivered from neighboring electrodes facilitated an ANF response. 

Especially in the apical region of the electrode array, the current spread factor was greater as the 

electrode-ANF distances increased. This result indicates that the effect of the current spread from 

the neighboring electrodes would increase ANF response with a large electrode-ANF distance and 

narrower electrode spacing. 
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Figure 21. The current spread factor for three ripple densities and five electrode-ANF distances. 

The upper panel is for standard ripple noise, and the bottom panel is for inverted ripple noise, and 

left, medium and right columns are for the ripple densities of 1.0, 2.0, and 4.0 r/o, respectively.  
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3.2.3. Predicted SRD performance 

Figure 22 shows the neurogram for standard ripple noise and inverted ripple noise with ripple 

densities of 1.0 r/o and 4.0 r/o at the five electrode-ANF distances. For both 1.0 r/o and 4.0 r/o, the 

ANF response decreased at the electrode-ANF distance of 0.23 to 0.68 mm due to inhibition of 

neural response, and the spread of excitation occurred partially in the apical region of the electrode 

array, where electrode spacing was narrow. However, at an electrode-ANF distance of 1.18 to 2.08 

mm, the spread of excitation occurred in both the basal and apical regions of the array. As shown in 

Fig. 22, with an electrode-ANF distance of 0.23 mm, the ANF number which responded to 

standard and inverted ripple noise was clearly different. The responses to standard ripple noise 

were dominant for the 4
th
, 5

th
, and 6

th
 ANF, whereas the 7

th
, 8

th
, and 9

th
 ANF were major ANF 

responded responders to inverted ripple noise. However, with an electrode-ANF distance of 2.08 

mm, there was no significant difference in the dominant ANF responses between the standard 

ripple and inverted ripple noise. Therefore, the NSIM index for the electrode-ANF distance of 0.23 

mm was 0.5 and NSIM for the electrode-ANF distance of 2.08 mm was larger at 0.57. The 

measured NSIM produced correct scores of 85.4 % and 67.6 %, using the sigmoid function shown 

in Fig. 17 B. With a ripple density of 4.0 r/o, the dominant ANFs responded to standard ripple 

noise and inverted ripple noise were overlapped, even when the electrode-ANF distance was as 

short as 0.23 mm. The NSIM index was relatively high at 0.62, and the correct score was 50.9 %, 

which was relatively lower than that for the ripple density of 1.0 r/o. There was no drastic effect of 

current spread on the similarity of the two neurograms for ripple density of 4.0 r/o with a large 

electrode-ANF distance.  
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Figure 22. An example of neurograms for ripple densities of 1.0 (column 1 and 2) and 4.0 r/o 

(column 3 and 4) with five electrode-ANF distances of 0.23, 0.68, 1.18, 1.88, and 2.08 mm (top to 

bottom).  
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Figure 23. The effect of electrode-ANF distance on SRD performance. The predicted results for 

five electrode-ANF distances are shown with five different symbols. 

 

 

Figure 24. Each box plots the median, 10
th
, 25

th
, 75

th
, and 90

th 
percentiles of data from Won et al. 

[60] for 15 CI subjects who use an ACE strategy; 
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The predicted percent corrects using the computational model also decreased with increasing 

ripple density at all electrode-ANF distances, as shown in Fig. 23. And the percent correct 

decreased with increasing electrode-ANF distance at 1.0 r/o and 2.0 r/o. In Fig. 24, the white 

square box represents the percent correct scores of human CI subjects with the ACE strategy from 

Won et al. (2007). The lines of the box indicate the 10th percentile, 25th percentile, median, 75th 

percentile, and 90th percentile from the top. The percent correct decreased with increasing the 

ripple density, but a large across-subject variability with ripple density of 1.0 (mean = 77.59, SD = 

21.42), 2.0 (mean = 71.46, SD = 16.72), and 4.0 r/o (mean = 48.34, SD = 20.64) is shown. 

Importantly, the predicted percent correct almost covered the range of 25th percentile to 75th 

percentile in the clinical data, demonstrating that the electrode-ANF distance is one of the potential 

sources of the across-subject variability. However, at 4.0 r/o, the predicted percent correct could 

cover low percent correct clinical data. 

 

3.3.  Conclusion & Discussion 

This study investigated neural excitation patterns in response to ripple stimuli at five electrode-

ANF distances and predicted SRD performance using a computational neural model. We found that 

poor SRD performance is influenced by neural excitability changed by the extent of forward 

masking effects. Previous studies showed stimulation currents are widely spread at large electrode-

ANF distances and neural excitations became more localized with stimulation electrode closely 

located stimulation electrode to ANF [33]. Indeed, Fig. 18 illustrates that neural excitation was 

spread out with the larger electrode-ANF distances. The current modeling study showed that a 

preceding pulses level affected the neural excitability in response to a constant-amplitude pulse 

train (Fig. 19) as well as ripple noise stimuli (Fig. 20). The effect of preceding pulses appeared 

mainly at the basal region of the cochlea, whereas the facilitation was observed primarily at the 

apical region, notably with large electrode-ANF distances. The forward masking level may likely 

depend on electrode spacing as well as electrode-ANF distance. The inhibition or facilitation of 
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neural excitation was reflected in SRD performance, and the effect of current spread increased as 

electrode-ANF distance and ripple density increased (Fig. 21). Although sub- and supra-threshold 

maskers affected neural excitation differently, the masking effect resulted in decreasing SRD 

performance. And the neurograms for various electrode-ANF distances could be used to infer that 

the great spectral smearing occurred with the larger electrode-ANF distance than 1.88 mm. 

Consequently, poor SRD performance was related to not only the spread of neural excitation but 

also temporal interaction on inhibition of neural excitation with larger electrode-ANF distance.  

Considering the relationship between electrode position and speech perception [67]–[69], we 

can infer that the speech perception may also be affected by neural excitability induced by channel 

masking effect. Therefore, because small current spreads with shorter electrode-ANF distance 

could reduce channel masking effect, the perimodiolar electrode may provide a benefit for SRD 

performance and speech intelligibility in CI users. Further research for the reduction of current 

spread can be the next challenge to improve speech perception. 

In summary, we examined the effect of electrode-ANF distance on the neural excitability and 

evaluate the SRD performance using a computational ANF model. The results showed that the 

current spread affects the neural excitability depending on electrode-ANF distance and different 

electrode placements inside the cochlea can account for the variability in SRD performance of CI 

subjects. Such analysis will help guide the development of novel speech processing strategies that 

attempt to reduce current spread to improve CI user’s speech perception performance. 
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Chapter Ⅳ. Prediction of CI performance with 

changing pulse shape 
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Current cochlear implants (CIs) use symmetrical biphasic electric pulses to stimulate auditory 

never fiber (ANF) and provide good speech understanding in quiet. However, there are still some 

limitations of speech understanding in noise as well as music perception because of the 

uncontrolled spread of excitation within the cochlea. Many researchers demonstrated the 

manipulated pulse shape affects neural response and produce lower threshold and comfortable 

level than the symmetric biphasic pulse stimuli used in current CIs [11], [12], [14], [70], [71]. 

Miller et al. [11] demonstrated a long second phase could provide some of the beneficial features 

of monophasic stimuli and found a long second phase reduces the threshold level. Macherey et al. 

[14] also investigated the effect of the asymmetric pulse such as alternating-monophasic pulse and 

pseudomonophasic pulses on thresholds and most comfortable level. They reported asymmetric 

pulse decreases threshold and most comfortable level, and these reductions could help to save 

power in CIs. In addition, some researchers showed that asymmetric pulse has an influence on the 

spread of excitation as well [34], [72], [73]. Frijns et al. [34] showed spatial selectivity for an 

asymmetric biphasic pulse using the computational model of implanted guinea pig cochlea. This 

study has been demonstrated spatial selectivity is improved using charge-balanced asymmetric 

biphasic pulse rather than symmetric biphasic pulses.  

However, it is difficult to apply asymmetric pulse to strategies which are used in commercial 

devices such as continuous interleaved sampling (CIS) strategy [1] or advanced combination 

encoder (ACE) strategy [4] because much prolonged second phase width used in previous studies 

can lead to overlap in time between current pulses on different electrode pairs. It has not yet been 

clarified that the effect of asymmetric pulses with slightly prolonged second phase width to avoid 

overlap on spatial selectivity and speech perception. In this paper, we investigated the effect of the 

asymmetric pulses on the spread of excitation with increasing second phase width and analyzed 

neural excitation patterns in combination with speech processing strategy using a computational 

model. Furthermore, we show that the influence of asymmetric pulses depends on the stimulation 

electrode position. 
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4.1.  Methods 

4.1.1. Model for measuring neural response 

The advanced combination encoder (ACE) strategy was used to convert acoustic sound to 

electrical pulse-stimulation with a stimulation rate of 900 pulses per second per channel (pps/ch). A 

charge-balanced biphasic pulse was used to measure ANF responses. The first phase (cathodal) 

width was fixed as 25 µs and the second phase (anodal) width varied from 25 (symmetric biphasic 

pulse) to 200 µs (25, 35, 45, 100, 200 µs). The 151 ANFs were located with 0.1 mm interval. The 

inter-electrode intervals ranged from 0.4 to 0.8 mm based on the configuration of the Nucleus CI24 

implant (Cochlear Ltd., USA) with 22 electrodes. The electrode 1 (basal region) was located at 1 

mm from the base. The stimulation electrodes were positioned 0.23, 0.68, 1.18, and 2.08 mm from 

ANF. A schematic of the neural interface is shown in Fig. 25.  

 

 

 

Figure 25. A schematic of the electrode and ANF interface used in Chapter Ⅱ. The gray circles 

indicate 151 auditory nerve fibers that have 0.1 mm interval. The 22 electrodes were depicted by 

white hemispheres. 
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4.1.2. ANF response analysis 

To analyze neural excitation pattern for word, the neural discharge patterns for the word 

“Choice” was graphically represented by a neurogram. The right y-axis of the neurogram indicates 

the distance from the base that corresponds to ANF located positions (i.e., frequency band) and the 

left y-axis represents electrode number, and the x-axis shows time with a bin of 4 ms. Figure 26 is 

the spectrogram, electrogram, and reference neurogram of the word “Choice”. The spread of 

excitation for the word was evaluated by the similarity between a reference neurogram and 

neurograms with various second phase widths and electrode-ANF distances. The reference 

neurogram was measured with the second phase width of 100 µs and electrode-ANF distance of 

0.23 mm, and the current spread was eliminated to produce the ideal condition. The similarity 

between neurograms was calculated by using neurogram similarity (NSIM) index which was 

computed using intensity (luminance), variance (contrast), and cross-correlation (structure) of 

neurograms used in part 1. The NSIM index ranges from 0 which indicates the two neurograms are 

dissimilar to 1 which means the two neurograms are very similar.  

 

 

Figure 26. Spectrogram (A), electrogram (B), and reference neurogram (C) of word “Choice” 
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4.2 Results 

4.2.1 Spread of excitation 

Figure 27 shows T and C levels for various second phase widths with two electrode-ANF 

distances. As expected, both T and C levels increased with far located stimulation electrode and 

decreased with increasing second phase width regardless of electrode-ANF distance. The ANF 

responses were collected in response to the constant amplitude pulse train with a pulse rate of 900 

Hz at C-level for 200 ms to examine the spread of excitation depending on the second phase width.  

 

 

Figure 27. T and C levels for various second phase width with four electrode-ANF distances. T 

and C levels were indicated using circle and square shape, respectively.  
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The spread of excitation was presented in Fig. 28. The spread of excitation was measured by 

using the area under the curve for the normalized neural response, called SOE index in this study, 

as shown in Fig. 28A. Neural responses were measured from the ANFs located -0.5 to 0.5 mm 

from the stimulation electrode. The neural response was analyzed for onset (0-12 ms) and steady-

state (100-200 ms) period to demonstrate the effect of adaptation on the spread of excitation. 

Largest spread of excitation was measured at an electrode-ANF distance of 2.08 mm. The area of 

normalized ANF response decreased with longer second phase width regardless of electrode-ANF 

distance and time period (see in Fig. 28 B). 

 

Figure 28. The example of normalized neural response measured from 11 ANFs to measure spread 

of excitation (A). Spread of excitation for various second phase width within onset period (left) and 

stead state period (right) (B).  
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4.2.2 Neurogram of word “Choice” 

Figure 29 illustrates neurograms of word “choice” measured with various second phase width 

and four electrode-ANF distances. The spread of excitation increased with far located stimulation 

electrode from ANF because of larger current spread. And the decrease in neural response 

remarkably appeared with increasing second phase width regardless of electrode-ANF distance. 

However, the distortion of neural response was induced with 75 and 100 μs compared with shorter 

second phase width.  

 

 

Figure 29. Neurograms for word “Choice” for five second phase width (left to right) and four 

electrode-ANF distances (up to bottom).  
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The NSIMs between reference neurogram and compared neurograms are shown in Fig. 30. The 

large NSIM indicates that the spread of excitation was reduced similarly with the reference 

neurogram. For symmetric pulse, the NSIM index for the electrode-ANF distance of 0.23 mm was 

0.98, whereas the NSIM index for the electrode-ANF distance of 2.08 mm was 0.88 because of the 

large spread of excitation. The NSIM for the electrode-ANF distance of 2.08 mm increased with 

increasing second phase width. It means that the similarity between reference neurogram and 

compared neurogram increased with longer second phase width because of reducing the spread of 

excitation. However, the NSIM decreased with longer second phase width for an electrode-ANF 

distance of 0.23 and 0.68 mm and slightly increased as the second phase width increased. The box 

located upper side of the graph indicates a stimulation rate for non-overlap with longer second 

phase width. The second phase width of 100 µs can be used with 900 pps/ch, whereas the second 

phase width of 45 µs is maximum width with 1800 pps/ch which is a higher stimulation rate.  

 

Figure 30. NSIMs between reference neurogram and neurograms of five second phase width with 

four electro-ANF distances.  
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4.3. Conclusion & Discussion 

This study was examined the effect of prolonged second phase pulse on reducing the spread of 

excitation using the electro-neural interface model. The results showed that the longer second 

phase width produced lower T and C-level consistent with previous studies and reduced the spread 

of excitation for a single electrode, which was shown at four electrode positions. However, in 

contrast to the results of the single electrode, the reduction of neural response entailed the temporal 

and spectral smearing with the closely located electrode. For the located electrode, although the 

spread of excitation was reduced, the temporal degradation appeared with longer second phase 

width in the neurogram. The effect of pulses delivered from the neighboring electrode on neural 

response was appeared such as the results in Chapter Ⅲ. The facilitation of the neural response at 

the far located electrode was changed to inhibition of the neural response with longer second phase 

width. But the inhibition of the neural response at closely located electrode strengthened with 

longer second phase width. Cohen [74] showed a decrease in masker and probe interval increase 

the probe threshold. The decrease in interval between the preceding pulses and major pulse with 

longer second phase width could be a crucial reason for the inhibition of the neural response with 

longer second phase width. The extent of inhibition might be influenced by stimulation rate; thus 

additional studies are necessary to investigate the effect of stimulation rate with longer second 

phase width on CI performance. In summary, this study showed that the spread of excitation could 

be reduced by a longer second phase width which was short enough to use a stimulation rate of 900 

pps/ch with non-overlapping. The slightly prolonged second phase stimuli might provide the 

improvement of speech intelligibility regardless of electrode position.  
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Chapter Ⅴ. General conclusion 
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The main purpose of this thesis is to develop the electro-neural interface model to understand 

and predict the clinical outcome of CI. In Chapter Ⅱ, the electro-neural interface was constructed 

based on the ACE strategy, ANF model, and the neurogram, which was generated by neural 

response measured by the electro-neural interface to evaluate CI performance. The model was 

validated using vowel identification with background noise and stimulation rate. The results 

showed that the electro-neural interface model could predict the trends of the clinical outcome. 

Thus, the peripheral response simulated by the electro-neural interface model could represent the 

behavioral results. The effect of electrode position on SRD performance was predicted using the 

electro-neural interface model to understand across subject variability in Chapter Ⅲ. The SRD 

performance was reduced with a far located electrode for the easy condition while the electrode 

position did not significantly affect SRD performance for the hard condition. In the neural element 

analysis, we showed that the pulses delivered from neighboring electrodes act like forwarding 

masker, and the masker inhibits or facilitates the neural response to the primary pulse depending on 

the electrode-ANF distance. Consequently, the electrode position could be one of the reasons for 

the across subject variability of SRD performance. As shown in Chapter Ⅲ, the current spread was 

a crucial reason for poor SRD performance. To reduce the current spread effect, the second phase 

width of the biphasic pulse was extended. The amplitude was modified to maintain a charge-

balanced biphasic pulse. The neural response was inhibited with a prolonged second phase pulse; 

thus, the temporal and spectral smearing occurred with the closely located electrode. But, the 

inhibition of neural response with pulses delivered from neighboring electrodes reduced the spread 

of excitation which was induced by far located electrodes. The findings in this dissertation could 

provide evidence of the across subject variability of SRD performance and optimized second phase 

width to improve the CI performance for various electrode position. However, the electro-neural 

interface model used a linear ANF model to measure the neural response. Thus, the development of 

a practical model is necessary by using three-dimensional modeling.  
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