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Neural Correlates of Individual Differences in Speech-in-
Noise Performance in a Large Cohort of Cochlear Implant 

Users
Joel I. Berger,1 Phillip E. Gander,1 Subong Kim,2 Adam T. Schwalje,3 Jihwan Woo,4  

Young-min Na,4 Ann Holmes,5 Jean M. Hong,3 Camille C. Dunn,3 Marlan R. Hansen,3 
 Bruce J. Gantz,3 Bob McMurray,3,6,7 Timothy D. Griffiths,8 and Inyong Choi3,7       

Objectives: Understanding speech-in-noise (SiN) is a complex task that 
recruits multiple cortical subsystems. Individuals vary in their ability to 
understand SiN. This cannot be explained by simple peripheral hearing 
profiles, but recent work by our group (Kim et al. 2021, Neuroimage) 
highlighted central neural factors underlying the variance in SiN abil-
ity in normal hearing (NH) subjects. The present study examined neural 
predictors of SiN ability in a large cohort of cochlear-implant (CI) users.

Design: We recorded electroencephalography in 114 postlingually 
deafened CI users while they completed the California consonant test: 
a word-in-noise task. In many subjects, data were also collected on two 
other commonly used clinical measures of speech perception: a word-
in-quiet task (consonant-nucleus-consonant) word and a sentence-in-
noise task (AzBio sentences). Neural activity was assessed at a vertex 
electrode (Cz), which could help maximize eventual generalizability to 
clinical situations. The N1-P2 complex of event-related potentials (ERPs) 
at this location were included in multiple linear regression analyses, 
along with several other demographic and hearing factors as predictors 
of SiN performance.

Results: In general, there was a good agreement between the scores 
on the three speech perception tasks. ERP amplitudes did not predict 
AzBio performance, which was predicted by the duration of device use, 
low-frequency hearing thresholds, and age. However, ERP amplitudes 
were strong predictors for performance for both word recognition tasks: 
the California consonant test (which was conducted simultaneously with 
electroencephalography recording) and the consonant-nucleus-conso-
nant (conducted offline). These correlations held even after accounting 
for known predictors of performance including residual low-frequency 
hearing thresholds. In CI-users, better performance was predicted by an 
increased cortical response to the target word, in contrast to previous 

reports in normal-hearing subjects in whom speech perception ability 
was accounted for by the ability to suppress noise.

Conclusions: These data indicate a neurophysiological correlate of 
SiN performance, thereby revealing a richer profile of an individual’s 
hearing performance than shown by psychoacoustic measures alone. 
These results also highlight important differences between sentence and 
word recognition measures of performance and suggest that individual 
differences in these measures may be underwritten by different mecha-
nisms. Finally, the contrast with prior reports of NH listeners in the same 
task suggests CI-users performance may be explained by a different 
weighting of neural processes than NH listeners.

Key words: Cortical, EEG, Hearing impaired, N1-P2, Speech perception, 
Translational.
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INTRODUCTION

Difficulty in understanding speech in background noise 
(speech-in-noise [SiN]) is one of the most common complaints 
by individuals with hearing loss (for a review, see McCormack 
& Fortnum 2013). Indeed, there is considerable variability even 
across listeners with audiometrically normal hearing (NH) 
(Fullgrabe et al. 2014; Liberman et al. 2016; Guest et al. 2018). 
Although peripheral factors may play a role in performance, 
data from animals and humans suggest that processing within 
the central auditory hierarchy and beyond contributes sig-
nificantly to the process of separating signals from noise (e.g., 
Fullgrabe et al. 2014; Gay et al. 2014; Saiz-Alia et al. 2019).

Auditory-evoked potentials measured using electroencepha-
lography (EEG) provide a noninvasive method to investigate 
central auditory processing and are most clearly represented 
in the N1-P2 complex. Previous studies examining the genera-
tors of the auditory N1 component of the N1-P2 complex have 
implicated the auditory cortices in both the hemispheres (e.g., 
Celesia 1976; Giard et al. 1994; Gander et al. 2010), with some 
further contribution from frontal and parietal sources. Similarly, 
the P2 component is thought to arise from both primary and 
secondary cortices in bilateral Heschl’s gyrus (for a review, see 
Lightfoot 2016), although the contributions from more ante-
rior regions may be greater than for the N1 (Ross & Tremblay 
2009), suggestive of a higher-order, secondary area generator 
that reflects the processing of more complex stimulus features 
(Howard et al. 2000; Shahin et al. 2005). Meanwhile, magneto-
encephalography work by Lutkenhoner & Steinstrater (1998) 
suggested that the N1 arises from planum temporale but also 
may have multiple generators, while the P2 was primarily gen-
erated from Heschl’s gyrus. Previous research suggested that 
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the amplitude of the N1-P2 complex reflects the perception of 
speech at multiple levels (Getz & Toscano 2021 for a review; 
Sarrett et al. 2020; Kim et al. 2021).

Many SiN tasks elicit two N1-P2 complexes: one to the onset 
of the noise and one to the onset of the signal. A recent study 
of SiN in normal-hearing listeners capitalized on this to disen-
tangle potential contributors to individual differences in perfor-
mance (Kim et al. 2021). Utilizing within-subject EEG, cortical 
responses to a consonant-vowel-consonant paradigm, wherein 
the target speech sound level was fixed and noise level was 
varied, were examined in 26 subjects (NH, defined as <20 dB 
HL). Sensor space analyses demonstrated that SiN performance 
was well predicted by suppression of the N1-P2 triggered by 
the onset of the background noise, but not by the N1-P2 to the 
speech target, resulting in a reduction of what was termed inter-
nal signal-to-noise ratio (SNR). Source space analyses showed 
that SiN performance was not predicted by activity in high-level 
frontal areas (e.g., inferior frontal gyrus). This suggests that, 
at least in NH listeners, the most important contributor to SiN 
performance is the ability to suppress background noise, rather 
than boost the target speech.

Two main questions motivate the present study: (1) are the 
same weighting of processes from the Kim et al. (2021) study 
evident in listeners with hearing loss , specifically in those using 
cochlear implants (CIs)?; (2) can cortical processing reflected in 
the N1-P2 predict SiN ability after accounting for various fac-
tors that are known to affect CI outcomes? There is some previ-
ous research examining cortical responses and their relationship 
with speech perception in CI users. Purdy and Kelly (2016) fol-
lowed 10 CI users for 9 months postimplantation. They showed 
that N1-P2 responses to nonspeech auditory stimuli generally 
increased in amplitude, concurrent with significant improve-
ments with SiN perception ability as listeners adapt to the 
degraded input of the CI. However, there was considerable vari-
ability in evoked responses across subjects, and consequently 
only P2 amplitudes reached significance. More importantly, 
tones, rather than speech, were used to elicit the N1-P2, thus it 
is not clear whether the N1-P2 in this case reflect any processes 
that are specific to speech. While data suggest that the N1-P2 is 
indicative of early cortical processing of the physical properties 
of a signal (e.g., Dimitrijevic et al. 2013; Getz & Toscano 2021), 
the spectrotemporal complexity of speech is likely better repre-
sented when speech is used to elicit this component rather than 
using simple stimuli such as tones (for discussion, see Martin 
et al. 2008; Han 2010). Further, the P2 amplitude increases fol-
lowing speech sound discrimination training (Tremblay et al. 
2001) demonstrate a clear association between this component 
and language processing.

A number of small-scale cross-sectional studies have also 
examined various cortical auditory-evoked potentials (N1, 
P2) and their relationship to performance following cochlear 
implantation. These demonstrate a relationship between the 
amplitudes of cortical-evoked potentials and the speech percep-
tion performance in CI users (Micco et al. 1995; Groenen et 
al. 1996, 2001; Makhdoum et al. 1998). However, these studies 
examined cortical responses without background noise, which 
may utilize only a subset of the cortical mechanisms needed 
in noise (in support of this point, see Wong et al. 2008; Du et 
al. 2014). A study by Finke et al (2016) showed a relationship 
between cortical-evoked response to SiN and performance in 
13 CI listeners. Notably, these studies mentioned above also did 

not account for other potential predictors of performance that 
account for variability in understanding SiN, which can only be 
done with a sufficiently large sample.

To understand the link between cortical factors and SiN per-
formance in CI users, it is crucial to account for factors that 
are known to predict how well the CI users ultimately adapt 
following implantation. Many studies show that speech percep-
tion improves over time following cochlear implantation (e.g., 
Tyler et al. 1997; Chang et al. 2010; Blamey et al. 2013; Dillon 
et al. 2013), but there is large variability across subjects in these 
gains.

Many of the largest studies have used large samples of expe-
rienced CI users, wherein their speech perception improvement 
following CI implantation has stabilized and reached asymp-
totic levels of performance on speech perception tasks. Gantz 
et al. (1993) examined a variety of predictors of speech per-
ception in a multiple regression of 48 postlingually deafened 
adults. They showed significant influences of duration of pro-
found deafness, speech reading ability, cognitive ability, use of 
nonverbal communication strategies, engagement in treatment, 
and degree of residual hearing on speech perception. Similarly, 
Rubinstein et al. (1999) found that duration of deafness and 
preoperative sentence discrimination could account for 80% of 
the variance in performance on a word recognition task, while 
Kitterick and Lucas (2016) also found that shorter duration of 
deafness and residual hearing in the better ear could account for 
some of the intrasubject variability in speech perception under 
difficult listening conditions in CI users.

Taken together, these studies suggest a wide variety of fac-
tors that impact performance, although large-scale studies 
have not yet examined measures of cortical function such as 
the N1-P2. The N1-P2 is not likely to be fully independent of 
these broader factors. First, peripheral factors may play a role. 
For example, duration of deafness affects auditory nerve health; 
similarly, preoperative speech perception scores likely reflect 
both auditory nerve health and residual acoustic hearing that 
may be available postimplantation. In such cases, these factors 
likely reflect the quality of the input reaching the cortex, as a 
critical first determinant of SiN ability. In that case, the N1-P2 
may serve as a biomarker for the summed quality of the periph-
eral input. This is particularly true for the N1-P2 to the target 
(not the noise) in a SiN task, where greater auditory fidelity is 
required. Second, high-level cortical adaptation to device use 
may determine SiN abilities, since cognitive ability, duration of 
device use, and engagement in the treatment have been associ-
ated with CI outcomes. Here, the N1-P2 may serve as a bio-
marker of global cortical changes derived from multiple causes. 
In both cases, this predicts that the N1-P2 should predict SiN 
performance, but once one accounts for these broader individ-
ual factors the N1-P2 should account for little variance. A third 
possibility is that independently of the hearing loss, individuals 
vary in the quality of the cortical network for SiN perception 
(e.g., Wong et al. 2008; Kim et al. 2021), or word recognition 
(McMurray et al. 2014). In this case, one might predict an effect 
of the N1-P2 independent of these other factors. In this way, 
the N1-P2 could be a useful index of the quality of a listener’s 
inherent word recognition and noise suppression abilities.

The present study combined the multifactor approach of 
the large individual difference studies of outcomes with event-
related potential (ERPs) to test for a unique link between the 
N1-P2 and SiN performance by accounting for the demographic 
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and audiological factors that are known to influence perfor-
mance. We examined a large cohort of CI users with many his-
tories and device types, measuring neural responses recorded 
with EEG while subjects performed a SiN task based around the 
California consonant test ([CCT]; Owens & Schubert 1977), a 
closed-set single-word task. Performance on this task was used 
as a dependent variable, along with two other speech perception 
tasks used in clinical evaluation, conducted in separate sessions 
(without EEG) and using different testing formats: an open set 
speech-in-quiet task (consonant-nucleus-consonant [CNC]; 
Lehiste & Peterson 1959), and a sentence-in-noise task (AzBio; 
Spahr et al. 2012).

Performance on these three dependent variables was related 
to the N1-P2 complex in the EEG as well as other relevant 
audiological and demographic factors. Unlike prior studies, we 
focused on a large population of hybrid and bimodal CI users who 
combine acoustic hearing with residual low-frequency acous-
tic hearing, either in the ear contralateral to the CI (a bimodal 
configuration) or the ipsilateral ear (hybrid). This allowed us to 
include low-frequency acoustic hearing thresholds. Given that 
this is nearly always beneficial to word recognition (Gifford et 
al. 2013), this was expected to be a strong marker of a strong 
auditory periphery. It is worth noting that many of the studies 
mentioned earlier examined unilateral cochlear implantation 
in patients with profound hearing loss—therefore, by includ-
ing listeners with residual hearing, the present study provides a 
unique insight in that respect, given that candidacy for CIs has 
continued to expand to those with less severe hearing loss.

We used a relatively simple ERP component—the N1-P2, 
which can be measured from a single electrode (Cz) relative to 
another reference electrode, rather than more complex source 
analysis techniques. Previous studies have highlighted that the 
N1-P2—even at this single channel—has been robustly related 
to language and speech perception in noise (Tremblay et al. 
2001; Sarrett et al. 2020; Kim et al. 2021). The long-term goal 
here is that by understanding both cortical and demographic 
factors underlying variance in speech perception performance 
across listeners with hearing loss for different tasks, this could 
help to inform and refine remediation strategies.

MATERIALS AND METHODS

Participants
Totally 114 CI users, between 18 and 85 years of age (mean =  

62.6 years, SD = 13.5 years; median = 65.8 years; 59 [51.8%] 
female), were recruited from the University of Iowa Cochlear 
Implant Research Center. All the participants were postlin-
gually deafened, native English speakers, and neurologically 
normal. None of the participants reported difficulties in read-
ing. All our participants were regular and consistent CI users 
who use CI at least 6 hrs daily. Average length of device use 
was 39.5 months (SD = 56.8 months). Average duration of deaf-
ness was 22.0 years (SD = 15.0 years). Five subjects were bilat-
eral CI users. Among the remaining 109 subjects, 72 subjects 
(66.1%) had CI in the right ear. A total of 87 subjects (76.3%) 
were hybrid CI users (i.e., electric acoustic stimulation within 
the same ear). Average threshold of unaided low-frequency (i.e., 
250 and 500 Hz) residual acoustic hearing across ears was 59.4 
dB HL (SD = 20.5 dB HL). American English was the primary 
language for all the participants. Most participants were tested 
during the same day as a clinical visit in which they received an 

annual audiological examination and device tuning. Full details 
of all participants (e.g., demographics and device types) can be 
found in Table 1 in Supplemental Digital Content 1, http://links.
lww.com/EANDH/B110. The summary of subject characteris-
tics can be found in Table 2 in Supplemental Digital Content 
1, http://links.lww.com/EANDH/B111. Critically, most of these 
CI users were bimodal or hybrid CI users who would have 
some residual acoustic hearing. Although this is in some ways 
a strength of the present study, the limited number of strictly 
unilateral and bilateral users prevented us from being able to 
include device type in our models—a factor shown previously 
to affect CI outcomes (Blamey et al. 2015)—due to the limited 
number of unilateral and bilateral users. Duration of device use 
was obtained from the clinical records. All study procedures 
were reviewed and approved by the local Institutional Review 
Board.

Task Design and Procedures
All CI users performed the CCT simultaneously as EEG was 

recorded. In a subset of users, we also obtained performance on 
two commonly used clinical tests for speech perception: CNC 
word recognition (in quiet) (n = 89) and AzBio sentence recog-
nition (in noise) (n = 72). These were conducted by a trained 
audiologist in a separate session, usually on the same day. CNC 
and AzBio scores were collected within the clinic during rou-
tine audiological examinations. Subjects were excluded from 
these subanalyses if we did not have complete data, hence the 
smaller numbers of subjects for these other two tasks. All tasks 
were performed using the users’ common listening configura-
tion, to replicate their daily listening situation. Thus, we did not 
turn off any features on the CIs that may have been specific for 
different users.

CCT
The CCT was implemented in custom-written Matlab 

scripts (R2016b, Mathworks) using the Psychtoolbox 3 tool-
box (Brainard 1997; Pelli 1997). The CCT (and the simultane-
ous EEG recording) was conducted in an acoustically-treated, 
electrically-shielded booth with a single loudspeaker (model 
LOFT40, JBL) positioned at a 0° azimuth angle at a distance 
of 1.2 m. Visual stimuli were presented via a computer monitor 
located 0.5 m in front of the subject at eye level. Sound levels 
were the same across subjects and were calibrated as detailed 
later.

The overall structure of the trials for the CCT/EEG para-
digm is shown in Figure 1. For each trial, participants saw a 
fixation cross on the computer screen. They were instructed 
to fix their gaze on the cross for the duration of the trial, to 
minimize eye-movement artifacts on the EEG. They were 
then presented with an auditory cue phrase (check the word, 
approximately 800-msec duration, spoken by the same talker 
as target words), to prime them for the onset of the background 
babble. Following a 700-msec period of silence, eight-talker 
babble (herein referred to as the noise) began and continued 
for 2 secs. Target words were presented 1 sec after noise onset. 
Target words were always presented at 70 dB SPL and con-
sisted of 100 monosyllabic consonant-vowel-consonant words 
selected from the CCT, spoken by an American male talker 
with a Midwest accent. To ensure 70 dB SPL presentation 
level, concatenated clean speech stimuli were presented while 
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measuring their average sound pressure level using Larson 
Davis System 824 sound level meter (Larson Davis Inc., UT, 
USA). Noise levels were determined based on desired SNRs. 
The noise was varied randomly between two levels: +7 dB (low 
SNR) and +13 dB (high SNR), relative to the target word. For 
each SNR, 50 trials were presented. Selection of these levels 
was determined using the same method as in Kim et al. (2021), 
based on pilot tests with CI users wherein +7 dB SNR yielded 
median performance at approximately 65% correct (where the 
chance level is approximately 25%) and largest possible range 
of variance. Thus, our main correlation analysis focused on the 
+7dB SNR (low SNR) condition. The purpose of +13 dB SNR 
condition (i.e., 6 dB higher SNR than the main +7dB SNR con-
dition) was to validate the sensitivity of EEG measures to the 
within-subject differences occurred by acoustic manipulations. 
The division of 100 words into two sets of 50 words was fixed 
across listeners, although the presenting order was random-
ized. The phonetic balance in each SNR condition is described 
in Table 3 in Supplemental Digital Content 1, http://links.lww.
com/EANDH/B112 (used from Kim et al. 2021). Finally, 100 
msec following the offset of the target acoustic stimulus, par-
ticipants were presented with a four-alternative forced choice 
task, seeing four possible words printed in the center of the 
screen, stacked vertically and labeled with a corresponding 
number. Original response options included in the design of 
CCT (Owens & Schubert 1977) were used; they were mini-
mum pair words with a variant at just the first or last consonant. 
Participants then used a numeric keypad to select the target 
word they thought they had heard. No feedback was given 
regarding correctness and trials did not end until 1 sec after a 
response was given. There was no training session before the 
CCT experiment for any individuals, although the task proce-
dure was clearly explained verbally by our research audiolo-
gists.EEG Acquisition and Preprocessing Steps

EEG data were recorded using a BioSemi ActiveTwo system 
at a 2048 Hz sampling rate, with either 64 or 128 electrodes 
arranged in a 10 to 20 placement system. The 128-electrode 
cap was used only in a few (i.e., 6/114) subjects for a different 
study to explore how the number of electrodes affect the fidelity 
of EEG source localization. Physiological data and stimulus-
timing triggers were recorded in ActiView (BioSemi). Data 
from each channel were filtered offline between 1 and 50 Hz 
with a 2048-point FIR filter. We then epoched data around the 
stimulus from 0.5 sec before the noise onset to the appearance 

of the response options. Baseline correction was applied by 
subtracting the mean voltage between −200 and 0 msec before 
noise onset, and epoched data were downsampled to 256 Hz. 
Next, sound-evoked artifacts introduced by CIs and eye-blink 
artifacts were removed using independent component analy-
sis (implemented in the Matlab EEGLab toolbox; Delorme & 
Makeig 2004). CI artifact-related components were determined 
by the combination of visual inspection and an automated pro-
cess that observed temporal and spatial patterns. Eye blink arti-
facts were determined by visual inspection.

Although we recorded from up to 128 electrodes, these data 
were used solely for the purposes of visualizing the topogra-
phy of cortical responses (see Figure 2). Our initial long-term 
goal was to consider the utility of this method for clinical pur-
poses, where it may only be feasible to collect a limited number 
of electrodes. Thus, only the Cz electrode was included in the 
subsequent statistical analyses. All ERPs were z-scored before 
further analyses. Referencing was performed by common aver-
aging across all electrodes.

N1-P2 amplitudes were extracted by determining the maxi-
mal negative and positive waveforms within a 400 msec win-
dow following the onset of a stimulus. We then subtracted the 
N1 from the P2 to obtain a composite measure. This was done 
separately for the N1-P2 triggered by the noise onset, and the 
N1-P2 triggered by the target speech.

Statistical Analyses
The ultimate goal of this project was to relate speech per-

ception performance to ERP components during SiN process-
ing, while controlling for known demographic and audiological 
factors. These factors were selected based on both previous 
research and availability of information for all subjects. For this 
we employed three multiple regression analyses. Each predicted 
accuracy on one of the three speech perception measures (CCT 
[N = 114], CNC [N = 89], and AzBio [N = 72]). Our plan was 
to first examine the data with bivariate analyses, to examine the 
spread of the data and assess other factors, such as collinearity. 
We then conducted large-scale multivariable analyses, predict-
ing each performance outcome from ERP measures and indi-
vidual factors.

We considered two ERP measures as potential predic-
tors of performance: the N1-P2 amplitudes to the target word 
(N1-P2

target
), and the N1-P2 amplitudes to the noise (N1-P2

noise
). 

The relationship of the EEG measures to performance was 
assessed accounting for several other factors. These included 
duration of device use (log-scaled in months; DeviceDuration), 
average of residual low-frequency hearing thresholds (250 
and 500 Hz; PTA

low
) and current age (age). Correlations that 

reached significance but where |r| <0.30 were described as small. 
Correlations where |r| ≥ 0.3 and |r| < 0.5 can be interpreted as 
moderate. These values are consistent with the approach sug-
gested by Cohen (1988, 1992).

We then related each predictor to speech perception perfor-
mance on (1) CCT task (which was conducted simultaneously 
with the EEG), CNC task or AzBio, in three separate multiple 
regression models. The final model is given in (1), in the syntax 
of the lm() function in R, where the initial “1” explicitly refers 
to the intercept term. For the CCT task, the dependent variable 
(Speech Perception) was the mean accuracy in the low SNR 
condition. This condition was selected as it is the most difficult 

Fig. 1. Trial and stimulus structure for CCT paradigm. Each trial began with 
a fixation cross, followed immediately by the cue phrase (check the word). 
Background noise onset began 700 msec following cue offset and target 
words began 1 sec after this. Subjects were then required to respond to 
a 4-choice alternative task using a 4-button keypad. The noise level was 
manipulated relative to the target word, to create either high (+13 dB) or 
low (+7 dB) SNR conditions. A total of 50 trials was presented for each con-
dition. CCT indicates California consonant test; SNR, signal-to-noise ratio.

http://links.lww.com/EANDH/B112
http://links.lww.com/EANDH/B112


	 BERGER ET AL / EAR & HEARING, VOL. 44, NO. 5, 1107–1120	 1111

and therefore best reflects a subject’s difficulty in understanding 
SiN. For the CNC and AzBio tasks, mean performance on each 
task was used as a dependent variable in separate models.

					          

Speech Perception ∼ 1+ N1− P2target

+ N1− P2noise+ DeviceDuration+ PTAlow+ Age (1)

The regressions were limited to the specific N1-P2 ERP 
components for the reasons described earlier. A key factor when 
in a multiple linear regression is the normality of the residu-
als. Normality testing was also performed on the residuals for 
each dependent variable using Shapiro-Wilk tests. All variables 
tested were confirmed to meet this prerequisite.

We also conducted exploratory analyses on the full time-
course of the EEG signal, by collapsing listeners into two cat-
egories (good and poor performers)—defined using a median 
split—and comparing them at each timepoint using a cluster-
based permutation test (Maris & Oostenveld 2007). Significant 
clusters were included if they lasted for a minimum of 50 msec 
(i.e., 13 samples at 256 Hz sampling rate). A similar approach 
was conducted by collapsing trials in the CCT into the high- and 
low-SNR conditions. All statistical analyses were carried out 
using custom-written Matlab scripts. Correlation coefficients 
represent the results of Pearson’s correlations, while residual-
ization against age was performed using least squares linear 
regression.

RESULTS

Performance on the Three Different Tasks
Mean performance accuracy across subjects (±SD) is shown 

in Figure 1 in Supplemental Digital Content 1, http://links.lww.
com/EANDH/B114. Performance was similar for both of the 

SiN tasks (single-word CCT = 52.95% ± 15.69%; sentence-
based AzBio = 50.93% ± 26.56%), while the best performance 
was on the word-in-quiet task (CNC = 68.85% ± 17.99%). CCT 
ERP Analyses
Effect of SNR on ERP  •  We first examined the effect of SNR 
on the ERP amplitudes to verify data quality and examine top-
ographical maps of the response. Figure  2 shows the ERP at 
electrode Cz to the noise and the target on the simultaneous 
CCT task for both the low- and high-SNR conditions, aver-
aged across subjects (n = 114). A clear N1 and P2 can be seen 
approximately 200 msec after noise onset, and again about 200 
msec after the target word onset. Topographic maps at compo-
nents peaks (the N1 and P2 to the noise and target) demon-
strated that, as expected, peak amplitudes were located at or 
near location Cz.

We observed an enhanced ERP response to the noise in the 
low SNR condition compared with the high-SNR condition. 
This appeared to span both the hypothesized N1-P2 compo-
nents, but also the earlier points (the P1 or P50). However, this 
was not seen in the N1-P2 to the target. This is an unsurprising 
result, as the noise stimulus was increased by 6 dB in this condi-
tion, whereas the target stimulus level was kept fixed—the low 
SNR condition had a noise level of 63 dB SPL, compared with 
a quieter noise level of 57 dB SPL in the high-SNR condition.
Median Split of Good Versus Poor Performers  •  Work from 
our own group recently demonstrated that ERP responses to the 
noise in a CCT task with NH listeners could distinguish good 
from poor performers (Kim et al. 2021). Thus, we next sought 
to address the same question in CI users. To this end, we plot-
ted grand averaged ERPs to the low SNR condition at location 
Cz following a median split of CCT performance (Figure 3). 
The clearest and significant differences—assessed with a clus-
ter-based permutation analysis—were present at the timing of 
the N1 and P2 to the target. Topographic maps again confirmed 

Fig. 2. A, Grand-average ERPs (± SE; n = 114) at electrode location Cz for each condition are displayed. Green bars indicate significant clusters (cluster-based 
permutation test). B, Topographies are plotted for the N1 and P2 responses to both the noise (first two columns) and the target (final two columns), for both 
conditions (top and bottom rows). ERPs indicates event-related potentials; Cz, vertex electrode.

http://links.lww.com/EANDH/B114
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that these effects were pronounced around location Cz.CCT 
Predictive Analyses (Focusing on the Low SNR Condition)
Evaluation of Independent Variables in Bivariate 
Analyses  •  We started by evaluating the correlations among 
all the independent variables, in order to check for colinear-
ity before multiple linear regression analysis (see Figure 2 in 
Supplemental Digital Content 1, http://links.lww.com/EANDH/
B115). None of the variables reached the threshold for being con-
sidered colinear (|r| ≥ 0.7; Dormann et al. 2013). Nonetheless, 
there was a small but significant correlation between duration 
of implantation (DeviceDuration) and residual low-frequency 
hearing threshold (PTA

low
; r = 0.21, p = 0.025), suggesting 

that low-frequency acoustic hearing worsens over the duration 
of device use. Although the majority of devices included here 
were a hybrid design, which can greatly preserve low-frequency 
hearing, some degree of loss over time has been shown previ-
ously (Gantz et al. 2009). There was also a small but significant 
negative correlation between N1-P2

target
 and age (r = −0.22, p = 

0.020) with a reduction of the ERP amplitudes in older listeners 
(Figure 4B, left panel). These correlations suggest that while no 
variables are collinear, they are not unrelated, underscoring the 
need for a multiple regression.

Next, we conducted exploratory bivariate analyses examin-
ing correlations between each independent variable (both the 
ERP and non-ERP variables) and CCT accuracy in the low SNR 
condition. These are shown in Figure 4A (and see Figure 2 in 
Supplemental Digital Content 1, http://links.lww.com/EANDH/
B115). The only significant correlation was a positive one 
between N1-P2

target
 and CCT accuracy (r = 0.33, p < 0.001), with 

larger amplitudes predicting better performance in the low SNR 
condition. Other predictor variables did not exhibit significant 
correlations.

Since age had an effect on the amplitude of the N1-P2
target

, 
we sought to isolate an effect of the N1-P2 that was indepen-
dent of age. We thus, residualized the N1-P2

target
 against age 

and examined the correlation between the residualized N1-P2 
amplitudes to the target and accuracy on the CCT. These results 
are shown in Figure 4B. N1-P2 target amplitudes were still sig-
nificantly correlated with CCT accuracy after regressing out the 
effect of age (r = 0.31, p < 0.001). This was also true when age 
was residualized out of CCT accuracy (r = 0.31, p < 0.001). 
Multiple Linear Regression: CCT

low
 as Dependent Variable

Following bivariate analyses, we conducted a multiple linear 
regression analysis to determine which of the independent vari-
ables predicted CCT accuracy in the low (+7dB) SNR condi-
tion when accounting for all others (see Table 1 in its entirety). 
When adjusted for the number of independent variables, the 
model accounted for 13.5% of the variance in CCT accuracy 
[F(5, 108) = 3.38, p = 0.007, adjusted R2 = 0.095]. The only 
significant predictor was amplitude of the N1-P2 to the target 
[F(1, 112) = 12.1, p < 0.001]. Given the presence of age, PTA

low
 

and length of device use in the model, this confirms an effect of 
the EEG even after accounting for this. It is also notable that, 
unlike in NH listeners (Kim et al. 2021), N1-P2 to the noise was 
not a significant predictor of performance [F(1, 112) = 0.015, 
p = 0.90].

Although our main focus of analysis was predicting the CCT 
accuracy in the low SNR condition using the EEG measures 
within the same low SNR condition, running the same analysis 
on the high-SNR condition could provide insights how the EEG 
measures predict performance in the less challenging condi-
tion. Thus, we conducted a separated multiple linear regression 
analysis to predict the CCT accuracy in the high-SNR condi-
tion using the N1-P2 amplitudes measured from the high-SNR 
condition. Unlike the model that predicted the low-SNR CCT 
accuracy, the model predicting performance for the high-SNR 
condition did not exhibit any predictor variable that significantly 
contributes to the prediction. The result is shown in Table 4 in 
Supplemental Digital Content 1, http://links.lww.com/EANDH/
B113. See Figure 3 in Supplemental Digital Content 1, http://

Fig. 3. A, Median-split ERP comparisons of good performers (n = 57, blue line) vs. poor performers (n = 57, red line), in response to the low SNR condition 
on the CCT task. Shading indicates SE. Green bars indicate significant clusters. B, Amplitude topographies for good performers and poor performers, for the 
N1 and P2 responses to the noise and target, are shown below the line plot. CCT indicates California consonant test; ERPs, event-related potentials; SNR, 
signal-to-noise ratio.
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links.lww.com/EANDH/B116 for the evoked waveforms of the 
high-SNR condition.

Next, to determine the generalizability of these effects, we 
further examined the predictors against performance data col-
lected on the other two speech perception tasks.

CNC
Evaluation of Independent Variables in Bivariate 
Analyses  •  As these data included only a subset of the CI 
users (those for which we also had either CNC or AzBio 
behavioral data), we again examined the predictor variables in 
bivariate analyses for the CNC task. As with the CCT, none of 
the independent variables reached the threshold for collinear-
ity for either analysis. In this subset of users, there was still a 
significant correlation between DeviceDuration and PTA

low
 (r 

= 0.30, uncorrected p = 0.005). There was also still a signifi-
cant negative correlation between N1P2

target
 and age (r = −0.34, 

uncorrected p = 0.001). Results from bivariate analyses exam-
ining correlations between each independent variable and CNC 
accuracy are shown in Figure 5A. Similar to the CCT, there was 

a significant positive correlation between N1P2
target

 and CNC 
accuracy (r = 0.32, uncorrected p = 0.002). There was also a 
small but significant correlation between DeviceDuration and 
CNC accuracy (r = 0.25, uncorrected p = 0.018), and age and 
CNC accuracy (r= −0.23, uncorrected p = 0.028). None of the 
other variables correlated significantly with accuracy.

Again, as with the CCT dataset, the significant correlation 
between N1-P2

target
 and CNC accuracy—while smaller—per-

sisted even following residualization against age (r = 0.25, p = 
0.016; Figure 5B).Multiple Linear Regression: CNC Accuracy 
as Dependent Variable

The results of a multiple linear regression analysis—with CNC 
accuracy as the dependent variable—are displayed in Table  2. 
Following adjustment for the number of independent variables, 
this model accounted for 19.3% of the variance in CNC accuracy 
[F(5, 83) = 4.0, p = 0.003, adjusted R2 = 0.15]. As with the CCT 
accuracy, the amplitude of the N1-P2 to the target measured dur-
ing the CCT test was a significant predictor of CNC accuracy 
[F(1, 87) = 5.9, p = 0.018]. Additionally, duration of implantation 
was a predictor of CNC accuracy [F(1, 87) = 6.8, p = 0.011].

AzBio Task Predictive Analyses
Evaluation of Independent Variables in Bivariate 
Analyses  •  Finally, we turned to the AzBio sentence recogni-
tion task (n = 72). Predictor variables were again first examined 
with bivariate analyses before implementing multiple linear 
regression. The only significant correlation between indepen-
dent variables for this subset of users was between N1-P2

target
 

and age (r = −0.30, p = 0.012).
Figure 6A shows the same analyses applied to AzBio accuracy. 

Unlike the other two tasks, N1P2 amplitudes did not significantly 

Fig. 4. Results from bivariate analyses. A, Each predictor plotted against CCT accuracy, with r and p values displayed from bivariate analyses (n = 114). B, 
Regression of N1-P2 amplitudes against age (left), as well as bivariate analyses following residualization of either N1-P2 against age (middle) or CCT accuracy 
against age (right). CCT indicates California consonant test.

TABLE 1.  Results from multiple linear regression on CCT 
accuracy in the low (+7dB) SNR condition (N = 114, R2 = 0.14)

CCTlow β SE T (112) p Partial ρ 

N1-P2target 5.11 1.47 3.5 0.001 0.32
N1-P2noise 0.18 1.45 0.12 0.90 0.012
Device duration −0.78 2.44 −0.32 0.75 −0.031
PTAlow 0.12 0.071 1.7 0.10 0.16
Age −0.052 0.11 −0.48 0.63 −0.046

CCT, California consonant test; SNR, signal-to-noise ratio.
Bold indicates p < 0.05.

http://links.lww.com/EANDH/B116
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correlate with AzBio accuracy (r = 0.13, p = 0.27). Furthermore, 
residualization against age did not reveal any significant correla-
tion (Figure  6B). In the bivariate analyses, age was negatively 
correlated with AzBio accuracy (r = −0.31, p = 0.008).Multiple 
Linear Regression: AzBio Accuracy as Dependent Variable

Table 3 shows the results of a multiple linear regression with 
AzBio accuracy as the dependent variable. Overall, the model 
accounted for 22.1% of the variance in AzBio accuracy [F(5, 66) 
= 3.75, p = 0.005]. Interestingly, unlike in the other tasks, the 
N1-P2 to the target was not significantly correlated with AzBio 
performance [F(1, 70) = 0.012, p = 0.91]. However, a number of 
the other individual factors did reach significance. These included 
the duration of device use [DeviceDuration; F(1, 70) = 4.4, p = 
0.039], the amount of residual acoustic hearing [PTA

low
; F(1, 70) 

= 4.7, p = 0.034], and age [age; F(1, 70) = 4.8, p = 0.032].

DISCUSSION

The present study demonstrated that the amplitude of the 
N1-P2 response to target words was uniquely related to perfor-
mance on single-word identification tasks in CI users, even after 

accounting for other potentially confounding demographic fac-
tors. This was shown in our primary measure (the CCT). But it 
also generalized to a quite different speech perception task (open 
set), using different stimuli (a different talker and different words), 
in quiet, and conducted in a separate session. This provides robust 
evidence for a link between the N1-P2 and single-word recogni-
tion. Crucially, the single-word results during the EEG task con-
firm one of the hypotheses described in the introduction—that is, 
independent of other likely predictors of speech perception (e.g., 
residual low-frequency hearing preservation), individuals vary in 
the quality of their cortical network for SiN perception.

In addition, although one would reasonably expect that ampli-
tudes of N1-P2 to the target and N1-P2 to the noise are dependent 
on each other, in this cohort that was not the case (see Figure 2 in 
Supplemental Digital Content 1, http://links.lww.com/EANDH/
B115, r = 0.17, p = 0.08). This finding indicates it is the amplitude 
of responses to speech that are a unique predictor, rather than 
a basic reflection of cortical response to any auditory stimulus. 
These results could have important implications for understand-
ing speech audibility following CI programming, especially in 
children, as in some cases this may result in a poorer listening 
configuration due to changes in cortical processing of the signal, 
requiring the CI program to be adjusted accordingly.

Interestingly, while the duration of device use, residual low-
frequency hearing, and age were related to performance on a 
sentence-in-noise task (AzBio), the N1-P2 response was not. 
We should note that there were fewer data points contributing 
to the AzBio analyses, although we had n = 72, so this should 
still be sufficient to detect an effect (Harris 2001). However, 
looking across both tasks, we see a substantially different pro-
file of predictors, with single-word tasks being largely related to 
auditory-cortical factors, and sentence tasks reflecting a range 

Fig. 5. Predicting CNC accuracy. A, Predicting accuracy on the CNC task with bivariate analyses (n = 89). B, Regression of N1-P2 amplitudes against 
age (left), as well as bivariate analyses following residualization of either N1-P2 against age (middle) or CNC accuracy against age (right). CNC indicates 
consonant-nucleus-consonant.

TABLE 2.  Results from multiple linear regression on CNC accu-
racy (N = 89, R2 = 0.19)

CNC β SE T (87) p Partial ρ 

N1-P2target 4.6 1.9 2.4 0.018 0.26
N1-P2noise 1.16 1.8 0.63 0.53 0.070
DeviceDuration 9.0 3.4 2.6 0.011 0.28
PTAlow −0.14 0.095 −1.4 0.15 −0.16
Age −0.16 0.14 −1.1 0.28 −0.12

CNC, consonant-nucleus-consonant.
Bold indicates p < 0.05.
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of other factors. These results highlight important differences 
between the single-word and sentence-based tasks, which we 
will discuss later.
Demographic Predictors of Speech Perception 
Performance  •  It is intriguing that most of the usual demo-
graphic factors did not predict single-word performance in 
either the CCT or the CNC, both individually and in the mul-
tiple regression. These measures of SiN performance were only 
related to the N1-P2 (although duration of device use was also 
a predictor for the CNC). Based on the previous studies pre-
sented here, this is at first a surprising result. In contrast, the 
clearest predictors of AzBio behavioral performance were the 
duration of device use, the degree of residual low-frequency 
hearing threshold, and age. This highlights the importance of 
preserving low-frequency hearing when possible and is consis-
tent with prior observations that preservation of low-frequency 
hearing significantly improves speech perception (Turner et al. 
2004; Gantz et al. 2005; Dunn et al. 2010). Alternatively, poorer 
residual hearing might reflect longer progression of hearing loss 
over which the speech understanding difficulty extended from 
single words to sentences.

It is, nonetheless, surprising that performance on the single-
word paradigms was not predicted by residual low-frequency 
thresholds in the present study. This should be investigated 
further, given the evidence from previous studies mentioned 
earlier indicating a benefit of residual low-frequency hearing. 
However, we note that the large majority of previous studies 
use within-subject manipulations to study the benefit of acous-
tic hearing (e.g., comparing performance with the CI only to 
performance with the CI and hearing aid)—there are fewer 
studies that evaluate the benefit of acoustic plus electric (A + 
E) hearing between subjects as was the case here (e.g., Green 
et al. 2007; Gifford et al. 2013; Kitterick & Lucas 2016). It is 
also important to note that for most of these patients (as is often 
the case with A + E hearing), the majority of acoustic hearing 
comes from low frequencies. These frequencies may contrib-
ute little to single-word recognition (since most phonetic cues 
necessary for contrasting words are above 500 Hz). In contrast, 
in sentences these frequency bands could help with word seg-
mentation and with grouping or streaming the target sentence 
from the background noise. Furthermore, the benefits of acous-
tic hearing must be considered more broadly than just SiN 
(e.g., talker identification and musical appreciation); therefore, 
these results do not mitigate the importance of preserving low-
frequency hearing thresholds during cochlear implantation, as 
this undoubtedly still has important quality-of-life benefits. 
Moreover, the ecological validity afforded by the sentence-in-
noise paradigms (Taylor 2003) further supports the idea that 
preservation of low-frequency hearing thresholds likely pro-
vides benefits in common real-world listening scenarios.
N1-P2 Amplitudes in NH and CI Users  •  In our recent study 
of NH listeners (Kim et al. 2021), SiN performance was best pre-
dicted by suppression of the N1-P2 response to the noise, rather 
than enhancement of the N1-P2 to the target. This contrasts with 

Fig. 6. A, Predicting accuracy on the AzBio task with bivariate analyses (n = 72). B, Regression of N1-P2 amplitudes against age (left), as well as bivariate 
analyses following residualization of either N1-P2 against age (middle) or AzBio accuracy against age (right).

TABLE 3.  Results from multiple linear regression on AzBio 
accuracy (N = 72, R2 = 0.22)

AzBio β SE T (70) p Partial ρ 

N1-P2target −0.34 3.1 −0.11 0.91 −0.013
N1-P2noise 3.8 3.1 1.3 0.21 0.15
DeviceDuration 12 5.6 2.1 0.039 0.25
PTAlow

−0.38 0.17 −2.2 0.034 −0.26

Age −0.53 0.24 −2.2 0.032 −0.26

Bold indicates p < 0.05.
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the finding here that increased N1-P2 amplitudes to the target 
indicated better single-word speech perception across CI users.

There are two main possible explanations for this. One is 
that CI users are using different cortical mechanisms for speech 
perception in noise than NH listeners. In this scenario, it is pos-
sible that the ability to use attention to suppress noise (e.g., the 
N1-P2

noise
) is not as relevant in CI users. However, this result 

may have another explanation. Namely, the quality of word rec-
ognition in NH listeners may be less variable than in CI users 
(perhaps due to better preserved input), and therefore variability 
in NH is more evident in their response to the noise rather than 
the target word, wherein there is an effective ceiling effect.

Regardless, these data do not argue against the broader pro-
cess of attentional modulation that was observed by our prior 
work (Kim et al. 2021). Attentional modulation is likely a bidi-
rectional process, involving both enhancement of a target signal 
and suppression of a to-be-ignored signal (Noonan et al. 2016). 
The net result in both the present study and the previous one is 
still an overall enhancement of internal SNR (i.e., the difference 
between the cortical response to the signal and the response to 
the noise), which may underlie better performance. In this light, 
our data with CI users here thus raises the possibility that differ-
ent classes of listeners may weight these different aspects of the 
attentional process differently. On-going studies in our labora-
tory are testing the relationship between the strength of atten-
tional modulation of the N1-P2 complex and SiN performance.

It is worthwhile to consider as to why N1-P2 enhancement 
is associated with better speech perception outcomes. As with 
ERPs in other modalities, previous studies have demonstrated 
that the amplitude of the N1-P2 increases as the physical ampli-
tude of the auditory stimulus increases (e.g., Picton et al. 1970; 
Ross et al. 1999). Therefore, one interpretation may be that an 
enhanced N1-P2 complex may simply reflect better sensitivity 
to auditory events in general in better listeners. This explanation 
is unlikely to be correct for several reasons. First, we do not see 
this effect to the noise onset. Thus, variation in the N1-P2 is 
not due to low-level auditory sensitivity. Second, our acoustic 
hearing thresholds (PTA

low
) provide an estimate of such periph-

eral sensitivity (i.e., neuronal health), and we found that neither 
N1-P2 (to target or to noise) was correlated with this. Finally, 
even when we controlled for PTA

low
, the relationship between 

N1P2
target

 and performance was still significant. As a result, a 
simple peripheral explanation for these results is not well sup-
ported here.

It has also been observed previously that the amplitude of 
the N1-P2 complex increases with a greater saliency of sensory 
events (Stevenson et al. 2012; Kamal et al. 2021). In this con-
text, we may theorize that an increased cortical response to the 
target word reflects better separation of speech from the back-
ground noise (i.e., increased saliency). Further investigation is 
required to explore this in greater detail, by understanding the 
relationship to other factors that reflect the saliency of auditory 
events, such as measures of spectral and temporal resolution, 
which were not obtained here.

In NH listeners, Obleser and Kotz (2011) showed that N1 
responses to the onsets of a sentence-based task correlated with 
the comprehension of degraded stimuli. While this supports 
what we have shown here in terms of ERP amplitudes correlat-
ing with speech comprehension, we did not find such a correla-
tion for the sentence-based AzBio task. However, it should be 
noted that we did not examine N1-P2 responses while recording 

behavioral responses to the AzBio task. This leaves open the 
possibility that one explanation is again that contextual predic-
tive mechanisms involved in a sentence-based task are not rel-
evant for a single-word task (such as the CCT) and are therefore 
not reflected in the ERPs to a task without those mechanisms 
being recruited.
Factors Mediating the N1-P2 Response  •  The N1-P2

target
 

appears to be a useful biomarker of a range of subcortical and 
cortical processes that are relevant for single-word perception in 
noise and quiet. In the current data, age was significantly nega-
tively correlated with N1-P2 amplitudes, even when the data 
were subgrouped for the purposes of examining performance 
on the other two tasks. This indicates that N1-P2 amplitudes 
decreased with age. The data on the effect of age on these com-
ponents are mixed. One recent study showed that N1 and P2 
individually actually increased with age in response to ampli-
tude-modulated stimuli (Irsik et al. 2020). However, other work 
examining speech stimuli has demonstrated smaller N1 ampli-
tudes and larger P2 amplitudes in older adults (Rufener et al. 
2014). Others have also argued that increased cortical response 
amplitudes in the aging brain reflect an overcompensation to 
degraded brainstem encoding (Bidelman et al. 2014), not a true 
change in auditory cortical processing. Resolving this particular 
debate may require stronger linking functions explaining why 
the N1-P2 is larger or smaller.

Regardless of this, even when age was accounted for, N1-P2 
amplitudes still predicted performance on both single-word 
speech perception tasks, highlighting that the prediction from 
this response reflected neural mechanisms that were not simply 
a consequence of aging. One candidate for observing this central 
effect even after accounting for aging could be degraded tempo-
ral processing, resulting in a reduction of neural synchrony and 
therefore reduced cortical amplitudes (Eggermont 2015). Under 
this premise, an inverse perspective would be that better speech 
perception occurs in some listeners through preservation or res-
toration of temporal processing via compensatory mechanisms 
at the level of auditory cortex, even in the presence of mecha-
nisms that otherwise degrade temporal processing (such as aging 
and hearing loss), while in other listeners age- or hearing-related 
declines in temporal processing are not compensated.

Limitations
There are several key limitations to the present study. First, 

as mentioned, we did not obtain any psychophysical estimates 
of encoding fidelity in our subjects (e.g., spectral ripple or tem-
poral modulation detection). The precision of peripheral encod-
ing is known to contribute significantly to variance in speech 
perception performance across subjects (Shannon 1992; Fu 
2002; Jin & Nelson 2006; Litvak et al. 2007; Won et al. 2007; 
Luo et al. 2008; Anderson et al. 2011, 2012). It is as yet unclear 
whether the N1-P2

target
 may reflect encoding fidelity (in which 

case one might predict that certain measures of the periphery 
would mediate the relationship between N1-P2 and speech per-
ception). Also, the latency of N1-P2 components found in our 
data is somewhat late compared with expected latencies (i.e., 
N1 latency is ~200 msec, not ~100 msec). One possible inter-
pretation is that responses to speech are slower, particular as the 
speech tokens vary on each trial, although we observed similarly 
delayed latencies in response to the noise as well, which could 
suggest that these are the product of having a CI, potentially 
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resulting in delays caused by the CI processor, as well as longer 
neural processing times.

A second and related point is that the demographic and 
audiological factors in our model were included due to spe-
cific hypotheses and based on previous studies, but also due to 
having this information available for all subjects. We did not 
reliably obtain other information that would likely be relevant, 
such as etiology of hearing loss. Similarly, we did not account 
for factors such as duration of deafness (although a likely close 
proxy is age of implant, which correlated significantly with age; 
r = 0.95, p < 0.001). Age of onset of hearing loss was not con-
sistently reliably obtained in our sample, in part because many 
of our patients experienced gradual hearing loss. However, this 
makes it impossible to reliably compute duration of deafness. In 
a very large sample of CI patients, Blamey et al. (2013) showed 
that patients who had experienced profound hearing loss for a 
longer duration were less likely to show improvements in speech 
perception in quiet with CI experience. By contrast, results from 
Jolink et al. (2016) indicated that age at implantation did not 
significantly affect speech recognition. In this regard, it may be 
useful to see how the N1-P2 is related to duration of deafness, 
potentially as an index of auditory nerve function.

Third, this study largely relied on N1-P2 ERP components. 
Although they demonstrated critical contribution to the predic-
tion of behavioral performance, its interpretation should be lim-
ited to the contribution of early cortical responses. Especially, 
the fact that N1-P2 response to the masker does not predict the 
performance does not necessarily indicate that CI users’ cortical 
processes for suppressing background noise are not related to 
their SiN performance. Indeed, a study by Khalighinejad et al. 
(2019) found that auditory cortex adapts to the characteristics 
of background noise, but such adaptation is not reflected in the 
N1-P2 component.

It should be noted that, unlike the model that successfully 
predicted the CCT performance in the low-SNR condition, the 
model for the high-SNR CCT performance did not find any 
variable that significantly contributes to the prediction. This 
negative result indicates that there is no evidence of relationship 
between early cortical evoked responses and speech perception 
performance in a relatively less challenging acoustic condition. 
Future studies may investigate further neural factors that pre-
dict performance in less challenging conditions. Additionally, 
as highlighted in the methods section, we did not turn off any 
features that may be specific to a particular individual’s CI (e.g., 
noise cancellation), as we aimed to replicate each listener’s nor-
mal listening situation. Thus, some of the effects we report here 
could be mediated by specific CI configurations. Indeed, the 
effects related to CI programming are important and currently 
understudied, and could plausibly underlie important differ-
ences in audibility, thus affecting speech perception.

It should be also noted that, although we largely focused on 
acoustic bases of SiN performance here, some studies have used 
EEG to demonstrate that cross-modal (audio-visual) plasticity 
following cochlear implantation can account for variability in 
speech perception performance across listeners (e.g., Doucet et 
al. 2006; Buckley & Tobey 2011; Sandmann et al. 2012; Kim 
et al. 2016; although see Stropahl et al. 2015 and Stropahl & 
Debener 2017 for no evidence of a maladaptive relationship), 
and works using functional near-infrared spectroscopy have 
demonstrated that cross-modal activation of auditory brain 
regions by visual speech is predictive of speech perception 

performance and CI outcomes (Lawler et al. 2015; Anderson et 
al. 2017, 2019). Therefore, further research is required to elu-
cidate other factors that mediate speech perception variability 
across subjects.

It can also be a limitation that we used a single EEG elec-
trode (Cz) to measure N1-P2 amplitude. This means that our 
results (i.e., individual differences in the N1-P2 amplitude) 
could be due to the difference in the location and orientation of 
dipoles. An alternative method to extract evoked responses is 
the global field power (GFP), which is the SD of voltage across 
the electrodes. However, we did not use the GFP as our main 
method because of the following reasons. First, remained CI 
artifacts were usually severer in nonvertex electrodes and they 
were variable across subjects, which could be a confounding 
factor for across-subject comparisons. Second, the number of 
remained electrodes and their locations varied across subjects. 
For visualizing the contribution of other EEG channels, Figure 
4 in Supplemental Digital Content 1, http://links.lww.com/
EANDH/B117 shows GFP time courses.

Finally, we did not separate N1 and P2 responses here, but 
rather examined the amplitude of the complex. We applied a 
noncausal filter to the data, which can result in temporal smear-
ing of a large response (see de Cheveigné & Nelken 2019) but 
is useful for helping to remove CI artifacts. Therefore, we did 
not wish to infer anything from a particular component of the 
response that could be affected by the amplitude of the other 
response, and so did not compute these separately. Indeed, we 
are not elucidating the underlying neural network involved in 
speech perception here, nor the underlying network involved 
in SiN perception (for a review, see Hickok & Poeppel 2007). 
Nonetheless, it is plausible that the predictability of the ampli-
tude of the complex is dominated by one particular component. 
Given that performance on the sentence-in-noise task was not 
predicted by the amplitude of this response—a task that pre-
sumably more heavily recruits higher-order areas to account for 
factors such as the context within surrounding words (Miller et 
al. 1951)—it is possible that the N1 component is more domi-
nant in underlying the effects in the single-word tasks, reflecting 
how well the target word can be represented by auditory cor-
tex. Additionally, while we had a rationale for only examining 
activity at electrode Cz, based on our previous study (Kim et al. 
2021), our initial long-term goal of developing a clinical util-
ity and the fact that other studies have shown that this robustly 
related to language and speech perception in noise (Tremblay et 
al. 2001; Sarrett et al. 2020), further studies utilizing more com-
plex techniques (e.g., source localization) could provide greater 
insight into the cortical mechanisms underlying variability in 
speech perception in CI users.

SUMMARY

Despite some limitations, the present study has identified 
some of the objective factors underlying differences in SiN per-
formance and captured variance explained by certain relevant 
predictors. Moreover, these data potentially further highlight 
that different speech perception tests capture different physi-
ological mechanisms (e.g., N1-P2 complex amplitudes did not 
predict a sentence-based task). Indeed, other studies have high-
lighted that single-word tasks likely require recruitment of dif-
ferent mechanisms to sentence-in-noise tasks (for a discussion, 
see Geller et al. 2021). Such a point should be considered when 
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implementing and interpreting tests, both in a research environ-
ment and within the clinic.

In summary, we have demonstrated here that the amplitude of 
the N1-P2 complex at a vertex electrode location was the clear-
est predictor of speech perception in single-word identification 
tasks. Interestingly, in NH users, we recently demonstrated that 
behavioral performance could be predicted by a reduction in 
amplitude of the N1-P2 response to the noise, indicating that a 
noise suppression mechanism was in place to improve speech 
reception (Kim et al. 2021), whereas these current data indi-
cate that CI listeners’ performance was rather mediated by an 
increased cortical response to the target stimulus. With fur-
ther development, such as including automation of the artifact 
removal process and exploration of the neural mechanisms 
behind the differences shown here, this could be implemented 
in the clinic with patients to provide a richer profile of hear-
ing ability above standard audiometry, and could potentially be 
used as a prognostic indicator, as well as an outcome measure 
following hearing remediation. Further work would be benefi-
cial to elucidate the precise neural mechanisms underlying this 
result. Additionally, residual low-frequency hearing thresholds 
were predictive of variability in perceiving sentences in noise 
and therefore preservation of residual acoustic hearing during 
cochlear implantation (and beyond) likely benefits patients in 
common listening environments.
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