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Abstract
Objective. Electroencephalography (EEG) is a key tool for studying auditory processing in cochlear
implant (CI) users. In particular, EEG recordings obtained during continuous speech are becom-
ing increasingly important for assessing speech and language processing in CI users, and may be
utilized for neurofeedback. However, CIs also induce strong stimulation artifacts that are time-
locked to the stimulus and mask the neural responses that have smaller magnitudes. Existing arti-
fact reduction methods are typically based on event-related potentials or require manual com-
ponent selection, making them unsuitable for naturalistic listening conditions or large datasets.
Approach.We develop CORSICA (CORrelation-baSed ICA artifact rejection), a reproducible,
parameter-efficient method for CI artifact reduction in EEG responses to continuous speech.
CORSICA operates on independent components (ICs) obtained through Infomax ICA and
requires no manual component labeling, with performance governed by a single tunable thresh-
old. It exploits the observation that CI artifacts temporally follow the audio signal without delay,
whereas neural responses have an inherent lag due to auditory pathway latencies. For each IC,
CORSICA computes the cross-correlation with the speech stimulus. Artifacts are identified by
a high signal-to-noise ratio (SNR) of the correlation peak near zero lag, and the component is
rejected if this SNR exceeds a threshold. To benchmark CORSICA, we evaluate two alternatives: a
TRF-based SNR method, in which temporal response functions are fitted to each IC and artifact-
driven peaks near zero lag are used for rejection, and a variant replacing ICA with second-order
blind identification (SOBI) as the source separation step.Main results. CORSICA effectively sup-
pressed CI artifacts while preserving neural activity, enabling recovery of physiologically plausible
TRFs with only 2% of ICs rejected. Both benchmark methods confirmed the validity of the SNR-
based rejection framework, but CORSICA outperformed the TRF-based alternative in artifact sup-
pression quality. Replacing ICA with SOBI as the source separation step required more ICs to be
rejected, further supporting ICA as the preferred backbone for CORSICA. Significance. CORSICA
provides a fully objective, label-free approach to identifying CI artifacts in speech-evoked EEG
data, with no manual intervention required. By centering artifact rejection on a single interpretable
threshold, it offers a reproducible preprocessing standard for future EEG studies on speech pro-
cessing in CI users. Conclusion. Our findings demonstrate that objective CI artifact suppression in
speech-evoked EEG data is feasible on the basis of the IC’s temporal response patterns.

1. Introduction

Cochlear implants (CIs) have significantly advanced
the treatment of severe to profound hearing loss by

directly stimulating the auditory nerve, allowing indi-
viduals to regain access to sound and, most impor-
tantly, to speech. In a CI system, acoustic signals are
captured by an external microphone, converted into
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electrical stimuli, and transmitted to the implanted
receiver. The signals are then decoded into pulse
trains that stimulate the auditory nerve through an
electrode inserted into the cochlea [1, 2]. Various
signal coding strategies are employed for this trans-
formation, typically optimized for speech signals to
enhance speech perception and intelligibility [3].

Reliable electroencephalography (EEG) measure-
ments of brain activity in CI users are essential
for both clinical and research applications. EEG-
based assessments can provide objective evaluations
of implant function shortly after surgery [4], sup-
porting outcome evaluation and device fitting [4],
particularly in young children who cannot report
their hearing perception [5]. Furthermore, EEG can
allow to study speech processing in CI users, partic-
ularly regarding speech perception in complex listen-
ing environments requiring selective attention, such
as multi-talker scenarios [6–9]. Finally, EEG record-
ings could be used for neurofeedback to the CI. As an
example, when faced with multiple competing speak-
ers, EEG recordings can allow to decode the user’s
focus of attention, and feed this information back to
the CI [10, 11]. The device may then enhance the
target speech stream to facilitate its understanding for
the user, potentially improving speech comprehen-
sion and listening comfort [12].

However, EEG recordings in CI users are typically
contaminated by electrical artifacts induced by the
implant’s stimulation, presenting a significant tech-
nical challenge. These artifacts often exhibit ampli-
tudes much greater than the underlying neural sig-
nals and are time-locked to the stimulus [13], com-
plicating the separation of neural responses from arti-
facts. Additionally, the characteristics of CI artifacts
and how these manifest in EEG recordings can highly
vary across individuals, making artifact identification
challenging [14].

Several methods have been developed to reduce
CI-induced artifacts in EEG recordings. A widely
adopted approach is blind source separation using
independent component (IC) analysis (ICA), which
decomposes EEG signals into statistically ICs, each
representing a distinct source that contributes to the
recorded signal [15]. The ICs can then be manu-
ally inspected for the presence of artifacts, guided by
known artifact characteristics [7, 13, 14]. The charac-
teristics are (1) CI artifacts align with stimulus onset
and offset (including filter ringing), (2) they per-
sist throughout stimulus presentation, and (3) they
exhibit scalp topographies centered near the implant
site [13].

To reduce manual inspection requirements, Viola
et al proposed a semi-automatic method for the iden-
tification of artifact components [14]. Their approach
selects a template IC that best represents the artifact
by correlating it with all other ICs from the same

subject, identifying highly correlated components for
removal. Template selection is based on two crite-
ria. Firstly, spatial characteristics that are evaluated
through dipole fitting: CI artifacts show topographies
that are poorly captured by dipole fits. Secondly, tem-
poral features: CI artifacts exhibit sharp onsets and
offsets that are aligned with onsets and offsets in the
stimulus. This ICA-based method has shown effec-
tiveness for analyzing event-related potentials with
short-duration stimuli, such as individual syllables
like /ba/ lasting around 100 ms. Moreover, Deprez
et al proposed to classify ICs based on their spec-
tral power to measure clean evoked auditory steady-
state responses (i.e. responses to periodic stimula-
tion from the IC) that also work with epoched data
[16]. This approach assumes that only CI artifacts
have high-frequency components above 200 Hz and
can thus be separated from brain responses. Recent
years, however, have seen growing research interest in
studying neural responses to continuous speech in CI
users [5, 7]. This approach permits the investigation
of neural processing of speech in more natural listen-
ing conditions, including situations such as contin-
uous speech in background noise that CI users find
challenging. However, longer and continuous stimuli
introduce additional challenges for artifact suppres-
sion, as neural responses and artifacts overlap persis-
tently throughout the stimulus duration. Moreover,
complex stimuli like speech generate artifacts of lower
magnitude compared to simpler stimuli, such as pure
tones, due to the wide-ranging and more variable
amplitude of the speech signals [1]. The way these
amplitude modulations of the artifact manifest in
actual EEG recordings depends on user-specific CI
configurations and settings, as well as implant loca-
tion, and therefore varies across individuals [1]. Last
but not least, the approach by Viola requires averag-
ing of the EEG signal over many repeated presenta-
tions of the same sound, which is not available for
EEG responses to longer continuous speech [14, 17].

To address artifact removal for EEG responses
to continuous speech, alternative methods have been
proposed. One approach involves inserting peri-
odic gaps in the stimulation to allow artifact decay,
enabling measurement of uncontaminated neural
responses during these gaps [10]. This method uses
4ms stimulation gaps every 40ms, successfully reduc-
ing artifacts without compromising speech intelligi-
bility. However, this approach requires stimulusmod-
ification, making it impractical in natural listening
conditions.

Another approach suggested by Paul et al uses
blind source separation for continuous speech and
manual identification of artifact components [7].
This method employs second-order blind identi-
fication (SOBI), which separates temporally cor-
related sources, in contrast to ICA’s assumption
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of statistical independence between sources. This
method accounts for the temporal correlation of
CI artifacts with the stimulus, allowing separa-
tion of CI artifact components from neural sig-
nals. Components” topographies matching the spa-
tial location of CI implants are further analyzed by
visually inspecting their time course with the enve-
lope of the audio stimulus. Components showing
high temporal similarity to the stimulus are removed.
Furthermore, Althoff and Nogueira proposed learn-
ing the weights of the backward model, i.e. a model
that reconstructs the presented stimulus from the
recorded neural data, directly on the time series of
ICs derived via SOBI [18]. This allowed the backward
model to down-weight artifactual components that
were irrelevant to the reconstruction task. The hope
was that this leads to a data-driven suppression of
artifacts. The method was validated on a selective lis-
tening task in which participants focused on one of
two concurrently playing instruments. This approach
reduced the high reconstruction scores that were
caused by the CI artifacts at early latencies (<100ms)
to the level of typical hearing individuals, proving its
usefulness in obtaining interpretable results from the
backward models. However, the method did not sig-
nificantly improve decoding accuracy. Its efficacy was
not tested on forward models that are more suscepti-
ble to CI artifacts.

Despite these advances and the growing inter-
est in studying EEG responses to continuous speech
in CI users, a systematic evaluation of CI artifact
reduction methods is lacking. We have recently pro-
posed classifying ICs as CI artifacts based on their
temporal correlation to the stimulus [11]: since CI-
induced artifacts occur at the short delay of CI pro-
cessing, components with a high correlation signal-
to-noise ratio (SNR) near 0 ms are flagged for rejec-
tion. The present study formalizes and extends this
approach into CORSICA (CORrelation-baSed ICA
artifact rejection). Specifically, we broaden the arti-
fact search window to improve detection sensitivity
and provide the first thorough benchmarking of the
method. As reference, we evaluate a TRF-based SNR
method as an alternative rejection criterion, as well as
SOBI as an alternative to ICA for source separation.
The latter is motivated by its growing popularity in
CI artifact detection. All approaches are evaluated on
their ability to recover clean, physiologically plausible
TRFs, which serve as a sensitive readout of residual CI
contamination.

2. Methods

2.1. Data set
We used a data set that we recorded for a previous
study [9], and that is publicly available [19]. Below,
we summarize the main aspects of this experiment.

2.1.1. Participants
Twenty-four bilaterally implanted CI users were
assessed. All participants were native German
speakers without cognitive impairment. CI experi-
ence ranged from 2 to 28 years (median: 10 years).
Inclusion required a minimum score of 60% on the
Freiburg monosyllabic word recognition test in quiet
at 65 dB for the better-performing ear [20], ensuring
sufficient speech perception for the selective atten-
tion paradigm. Speech understanding in noise was
further assessed using the HSM sentence test 65 dB
signal, 60 dB noise, free field) [21]. Most CI users
had post-lingual hearing loss (n = 20), while four
were classified as pre- or peri-lingual. Detailed infor-
mation about the participants and their implants,
including processor and stimulation strategy was pre-
viously reported in [9], where it can be found in the
appendix.

The experiment was approved by the science
ethics committee of Technische Universität Dresden
(protocol SR+BO-EK-47 022 024) on May 21, 2024.
All participants providedwritten informed consent to
take part in the study. All procedures were conducted
in accordance with the Declaration of Helsinki.

2.1.2. Experiment and stimuli
The experiment consisted of an auditory attention
task. Excerpts from two German audiobooks were
used as auditory stimuli:Elbenwald—Blatt vonTüftler
narrated by a male voice, and Eine Frau erlebt die
Polarnacht, narrated by a female voice. The audio-
book excerptswere segmented into trials with an aver-
age duration of twominutes and presented at an indi-
vidually selected, comfortable loudness level using
each participant’s standard CI settings.

The audiobooks were presented over two loud-
speakers separated by an angle of 60◦, located in
front of the participants, in a free-field environ-
ment. The experiment comprised two scenarios. The
first eight trials were in a single-speaker condition,
in which only one audiobook was played through
one of the two speakers. The following twelve trials
were in a competing speaker condition, during which
both audiobooks were played simultaneously, each
story from a separate loudspeaker. Participants were
instructed to focus on one speaker at a time, with
the focus of attention changing from trial to trial.
After each trial, participants answered comprehen-
sion questions to validate their attentiveness to the
target speaker.

2.1.3. EEG recordings
EEG data were recorded using a 32-channel
actiCHamp system (BrainProducts GmbH,
Germany) at a sampling frequency of 1 kHz with
electrode Cz as online reference. The signal was
online low-pass filtered with a cut-off frequency of
280 Hz. Electrode impedances were checked before
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the recording and during the break between the sin-
gle and competing speaker conditions. They were
kept below 20 kΩ. Up to two electrodes per hemi-
sphere were removed due to close positioning rela-
tive to the CI coil, making reliable recording at these
sites infeasible. On average, 1.7 electrodes per partic-
ipant were removed across both hemispheres. Audio
signals were recorded over two auxiliary channels,
using two StimTrak adapters (BrainProducts GmbH,
Germany), to align EEG data and audio stimuli.

2.2. Preprocessing of EEG data
EEG data preprocessing was performed in MATLAB
using the EEGLAB toolbox. The main steps are
illustrated in figure 1(A). For synchronization, the
presented audio was recorded as auxiliary chan-
nel via the EEG amplifier using StimTrak adapters
(BrainProducts GmbH, Germany). Alignment
between the EEG and each audio stimulus was then
achieved offline by cross-correlating the recorded
audio with delayed versions of the clean stimulus
and selecting the delay that maximized Pearson’s cor-
relation coefficient. EEG data were then segmented
into single trials. Channels that had been removed
before the measurement due to their proximity to
the implant were interpolated to maintain dimension
consistency across datasets. Furthermore, an average
reference was applied. Baseline drift was removed by
applying a high-pass filter using a sinc zero-phase
FIR filter, introducing no temporal delay, with a
Hamming window at a cutoff frequency of 1 Hz.

To remove physiological artifacts, InfoMax ICA
was applied at the trial level to separate up to 30 com-
ponents, or fewer if the rank of the data was lower,
and automatic classification using ICLabel [22] was
applied. Components labeled as muscle, ocular, or
cardiac artifact with a probability of greater than 60%
were excluded, which led to an average exclusion of
27.1%of components (range per participant: 16.1%–
38.9%). After removing these physiological artifacts,
we then applied the proposed strategies for CI-artifact
removal.

For the subsequent TRF-analysis, EEG data were
low-pass filtered with an upper pass-band edge of
8 Hz (one-pass, zero-phase, non-causal type 1 FIR
filter, -6 dB cutoff frequency: 9.0 Hz, order 1650,
Hamming window with 0.0194 passband ripple and
53 dB stopband attenuation) and then downsampled
to 125 Hz.

2.3. Temporal response functions (TRFs)
We assessed the neural tracking of the speech enve-
lope through computing TRFs [23, 24]. In particu-
lar, a linear forward model was employed to recon-
struct the EEG response from the speech envelope of
the attended and of the distractor speaker separately.
The model coefficients at the different delays consti-
tute the TRF. Theirmorphology yields insight into the
spatio-temporal neural response to the stimulus [25].

Because the neural response to the speech envelope is
generally well characterized in typical hearing listen-
ers, CI artifacts in the TRFs can often be identified.
Although their precise morphology may vary across
CI users, salient features such as persistent and large
early peaks are typically indicative of residual CI arti-
facts, and TRFs can thus be employed to evaluate the
effectiveness of CI-artifact suppression.

To extract the speech envelope of the audio stim-
uli, we applied the Hilbert transform to the audio-
books, followed by taking the absolute value of
the resulting signal. Afterwards, the envelopes were
bandpass-filtered between 1 and 8 Hz using a linear-
phase FIR filter with a Hamming window. The data
was then downsampled to 125 Hz and normalized
using the z-score transformation.

TRFs were computed using the sPyEEG package
in Python, which implements ridge regression for
regularized linear estimation [26]. To avoid the con-
founding influence of different regularization coeffi-
cients on the TRF shape, the regularization parame-
ter was set to 1 for all TRF calculations. The analy-
sis window of temporal delays ranged from -300 ms
to 500 ms. Negative time lags were included to verify
that no neural responses emerged that preceded the
stimulation. The TRFs were computed on single-trial
data of the competing speaker paradigm. The result-
ing model coefficients were averaged across trials and
participants to obtain grand-average TRFs.

Beyond their role in characterizing auditory pro-
cessing, TRFs computed on individual ICs also serve
as a criterion for artifact identification, as described
in subsection 2.4, and as the primary evaluation sub-
ject for comparing artifact reduction methods, as
described in subsections 2.5 and 2.6.

2.4. CI artifact reduction
To identify and remove ICs contaminated by CI arti-
facts, we employed CORSICA, which quantifies the
relationship between the audio stimulus and each IC
via cross-correlation. We contrasted the results with
those obtained by a TRF-based approach that served
as a benchmark.

Both methods exploit the observation that CI-
induced artifacts mirror the audio stimulus with a
minimal temporal delay of up to 10 ms for bilater-
ally implanted CIs [27], and classify an IC as arti-
factual if it exhibits this characteristic near-zero-
latency relationship with the stimulus. In contrast,
neural responses to the speech envelope are delayed
by synaptic and neural conduction times along the
auditory pathway, with the first EEG response to
the speech envelope typically measured between 30–
80 ms after stimulus onset [28].

Prior to artifact detection, the audio signal was
low-pass filtered below 500 Hz and resampled to
1 kHz to match the EEG signal, as depicted in
figure 1(A).
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Figure 1. Overview of the proposed CORSICA method. (A) EEG and audio processing pipeline. Following standard pre-
processing (high-pass filtering and physiological artifact removal), source separation is performed using either ICA or SOBI
(the latter as a benchmark alternative). The audio signal is low-pass filtered at 500 Hz and downsampled to 1 kHz. The SNR of
each source relative to the audio is then quantified via cross-correlation or TRFs. Methods for CI artifact detection are named
by combining the source separation technique with the SNR quantification method: corrICA (correlation-based SNR quantifica-
tion after ICA, referred to as CORSICA throughout the text), corrSOBI (correlation-based SNR quantification after SOBI), and
TRFICA (TRF-based SNR quantification after ICA). In all cases, components above an SNR threshold are excluded. (B) For the
correlation-based method the cross-correlation between the speech stimulus and an independent component of the EEG is com-
puted. The exemplary cross-correlation shows a clear peak in a search window around 0 ms delay (delays of−5–12 ms, gray
shading). The SNR of this peak is computed from the peak amplitude and the average correlation outside the search window.
The highlighted peak in the search window has an SNR of 28.5 dB. (C) For the TRF-based method, TRFs are computed for each
IC of the EEG recordings to the sum of the attended and ignored speech envelope. The peak within the light gray time window
(0 ms± 40 ms) is identified. The exemplary TRFs show a distinct peak in this search area. The SNR value is calculated from
the ratio of the peak value and a noise estimate, defined as the average TRF amplitude at negative time lag, between−200 and
−100 ms. The exemplary TRF reaches an SNR of 16.5 dB.

Crucially, source separation was performed at the
trial level rather than across the entire recording, pro-
viding a fine-grained resolution that allowed artifact
characteristics to be captured within individual trials.
Both methods were implemented in Python.

2.4.1. CORSICA
CORSICA builds on the correlation-based artifact
detection method proposed in [11], which is illus-
trated in figure 1(B). Here, we refine this method and
assess its performance systematically through com-
parison to two other benchmark methods. In partic-
ular, as a methodological refinement, we broaden the
search window around zero delay, which improves
detection sensitivity for CI artifact peaks.

A full cross-correlation (as implemented in
scipy.signal.correlate with mode = `full')
between the audio stimulus, consisting of both the
attended and distractor audiobook, and the time
series of each IC, separated using InfoMax ICA, was

computed, yielding correlation values at all possible
delays. Neural responses should not show a sizable
correlation, since they occur at much lower frequen-
cies, and if so, at positive delays due to the neural
processing. In contrast, a noticeable correlation at a
delay of about zero indicates a CI artifact.

To identify a potential peak in the correlation
function around zero, we employed a search window
between−5 ms and 12 ms to account for the process-
ing delay of the CI. To quantify the artifact strength,
the SNR of the largest correlation peak in the search
window was calculated. The background noise was
thereby defined as the root-mean-square (RMS) of
the cross-correlation signal outside the search win-
dow; that is, all delays available from the full cross-
correlation that fall outside the−5ms to 12ms range.
The SNR was then converted to decibels.

Components exceeding a certain SNR thresh-
old were considered to contain mainly CI artifacts
and were excluded from further analysis. The SNR
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threshold served as a tunable parameter in the algo-
rithm that could be adjusted to yield optimal results.
Its choice represents a trade-off between maximal
artifact suppression while minimizing the loss of
data. The EEG data were then reconstructed using
the remaining components, yielding a dataset with
reduced artifact interference.

2.4.2. SOBI blind source separation
As an alternative to InfoMax ICA, SOBI [29] has
recently been employed to separate sources for sub-
sequent CI artifact identification [7, 18]. SOBI per-
forms joint diagonalization of time-delayed covari-
ance matrices, which implicitly minimizes the cross-
correlation between the identified components for
a specified number of delays, and has been applied
broadly to remove various types of artifacts in EEG,
including ocular and muscle artifacts [30, 31].

To assess its effectiveness for CI artifact detection,
SOBI was used to separate up to 30 sources per trial,
or fewer if the data rank was lower. As longer sets
of delays lead to more robust source separation for
EEG [32], the maximal lag was set to 250 samples,
corresponding to delays between 0 and 250 ms for
the calculation of the auto-covariance matrices. After
that, we applied correlation-based artifact detection
method as shown in figure 1(B). We refer to this
benchmark as corrSOBI. To facilitate a fair comparison
between the ICA-based and the SOBI-based source-
separation method, we compared data sets with an
equivalent number of retained IC components.

2.4.3. TRF-based artifact detection
The TRF-based artifact detection method, illustrated
in figure 1(C), identifies CI artifacts by fitting TRFs
from each IC to the summed speech envelope of
the attended and ignored audiobook. As with the
correlation-basedmethod, a large TRFpeak near 0ms
latency is indicative of a CI artifact rather than gen-
uine neural activity.

TRFs were computed for each IC using the same
parameters as described in 2.3. To account for tem-
poral smearing of responses due to low-pass filtering
of the envelopes and the EEG, we searched for the
maximum TRF value within a broader search win-
dow of delays than for the correlation-based method,
namely within±40ms of delay around 0ms.We then
computed the SNR for each TRF from the ratio of
the average peak amplitude within this window to
the background noise. The latter was quantified as
the mean-square amplitude of the TRFs in a window
of delays between -200 ms and -100 ms (figure 1(B).
This pre-stimulus window was chosen to ensure sep-
aration both from neural responses and from regular-
ization effects near the smallest considered time lag of
-300ms, while also avoiding overlap with potential CI
artifact peaks near 0 ms.

Components were rejected if their calculated SNR
exceeded a certain threshold. As for CORSICA, the

SNR threshold served as a tunable parameter in the
algorithm. In the following, we refer to this TRF-
based method when employing independent EEG
components computed through ICA as the TRFICA
method. Because we found that the TRFICA-based
methodwas inferior toCORSICA (see Results below),
we did not evaluate the TRF-based method on EEG
data processed through SOBI (see 2.4.2) instead of
ICA.

2.5. Component characterization
To provide a broader characterization of CI arti-
fact components, which has not been systematically
examined before, we assessed four characteristics that
give an indication of whether a component is likely a
CI artifact or of neural origin.

Topography
Each IC is a linear superposition of the different
EEG channels. The topography of a component indi-
cates the weights with which each channel con-
tributes to the component. For CI artifacts, we expect
topographies to be heavily lateralized and concen-
trated near one of the implants” positions. In bilateral
CI users, non-lateralized dipoles are in principle con-
ceivable; however, empirical observation consistently
yields strongly lateralized artifact components, likely
reflecting the dominance of one implant’s electrical
interference in a given component.

Cross-correlation with the audio
We further computed the cross-correlation function
between the time-series of the ICs and the sum of the
waveforms of the attended and ignored audio book.
Both audio streams were included to avoid a bias in
the artifact rejection stage towards either of the two
speakers. As CI artifacts are highly correlated and
time-locked to the stimulus, we expected pronounced
peaks around 0 ms latency.

TRFs
Moreover, we computed each IC’s TRF to the sum
of the speech envelopes of the attended and ignored
audiobook, as described above. CI artifacts are indeed
not only highly correlated to the waveform of the
audio stimulus, but also to its envelope. Thus, we
expected dominant peaks around 0 ms latency,
driven by channels near the implant for artifactual
components.

Power spectrum
We also computed how the power of representative
ICs was distributed across different frequency bands
using the power spectrum. For neural components,
we expected peaks in the delta (1–4Hz) and alpha (8–
13 Hz) bands, and a sharp cut-off for higher frequen-
cies. For CI-artifacts, we expected additional contri-
butions at higher frequencies, as typical CIs stimulate
up to 8 kHz [33].
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2.6. Metrics for comparing the artifact rejection
methods
To quantitatively compare the performance of the dif-
ferent artifact detection methods and the effect of
varying the SNR thresholds, we assessed the resulting
TRFs after artifact removal using metrics proposed
by Kulasingham and Simon [28]. Since completely
artifact-free data is not available for EEG acquired
fromCI-users, a reference TRF was manually selected
out of all the resulting TRFs (figure 3). Note that, this
manual selection is only required for the evaluation of
the effectiveness of the differentmethods. The artifact
reduction itself remains automated with the selection
of only a single hyperparameter.

This reference TRF was chosen based on (1) visu-
ally appearing free from CI artifacts, and (2) contain-
ing as much of the original EEG data as possible, and
(3) corresponding to the attended speech stimulus,
as the attended audio causes larger neural responses
than the ignored speech signal. A TRF was considered
artifact-free by visual inspectionwhenno single chan-
nel dominated the response and the scalp topography
showed a physiologically plausible pattern, such as a
bipolar distribution consistent with auditory process-
ing. The so-identified reference TRF thus represented
our optimal compromise between artifact suppres-
sion and minimal data loss.

Pearson correlation
As the first metric, we quantified the similarity
between each TRF and the reference TRF by calcu-
lating the Pearson correlation coefficient between the
two TRFs for each channel, and then averaging across
all channels.

Latency error
Peak latency accuracy was assessed by calculating the
absolute timing error of the three canonical TRF com-
ponents. Following established window ranges of 30–
80 ms, 90–170 ms, and 190–250 ms [28, 34, 35],
we identified peaks by locating the maximum RMS
amplitude within each interval. The latency error fol-
lowed as the mean absolute difference between the
reference and reconstructed peak latencies.

Amplitude error
To assess signal fidelity, we calculated the mean
amplitude error across the three identified peak
latency windows. For each window, we measured the
absolute channel-wise difference between the recon-
structed and reference TRF peaks. This metric quan-
tifies how effectively eachmethod suppresses artifacts
while preserving the original neural signal.

2.7. Individual analysis
We further analyzed subject-level TRFs to charac-
terize inter-individual variability. Subject-level TRFs
are inherently noisy due to the low SNR of EEG
and averaging across channels and/or subjects is

typically appropriate [36]. Nevertheless, variability
across participants is an important aspect of both
CORSICA’s performance and TRF morphology in
CI users more generally. For each subject, Pearson
correlation, latency error, and amplitude error were
computed against the same reference TRF used in
the group-level analysis, yielding a distribution of
thesemetrics across participants and SNR thresholds.
This analysis was carried out for the three methods
(CORSICA, corrSOBI and TRFICA) To illustrate the
range of outcomes employing CORSICA, we addi-
tionally selected representative good, medium, and
bad examples based on Pearson correlation to the
reference and examined the variability across TRF
morphologies.

2.8. Statistical analysis
First, we assessed the difference of the obtained dis-
tributions of the three metrics between CORSICA at
its optimal inclusion rate of rate of 98.28% and no
artifact rejection using Wilcoxon signed-rank tests.
Rank-biserial correlation (RBC) is reported as effect-
size and all p-values were FDR-corrected for mul-
tiple comparisons (Benjamini–Hochberg procedure,
n= 3).

Second, we compared the subject-level distri-
bution of CORSICA, at its optimal inclusion rate
of 98.28%, against the two benchmark methods
(corrSOBI and TRFICA) using Wilcoxon signed-rank
tests, with metrics paired across methods within
each participant. This was done separately for each
of the three metrics (Pearson correlation, latency
error, amplitude error). For each metric, p-values
from the two comparisons (CORSICA vs. corrSOBI,
CORSICA vs. TRFICA) were FDR-corrected for n= 2
comparisons.

2.9. Software
To make the developed method easily adoptable by
other researchers, we developed a Python package
that implements the method. The Python package
can be downloaded from https://pypi.org/project/
corsica-ci/.

3. Results

3.1. Artifact characterization
To characterize how artifacts produced by the CI
manifest in EEG recordings and how they compare to
the neural components, we analyzed individual ICs of
the EEG data. Figure 2 shows three exemplary com-
ponents, characterized by their topography, cross-
correlation with the audio waveform, their TRFs for
the speech envelope, and their power spectrum. Next
to one typical artifactual component and one typ-
ical brain component, we also chose a representa-
tive mixture component to demonstrate that some
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Figure 2. Properties of three exemplary ICs. (A) An IC with an exemplary CI artifact exhibits an asymmetric topography cen-
tered near the right ear, lacking a distinct dipole structure. The cross-correlation with the audio reveals a peak with a high SNR
of 30.8 dB at around 0 ms latency. This is also reflected in a peak in the TRF for the speech envelope: this peak is driven by the
same lateralized channels that dominate the topography. The power spectrum is characterized by a bimodal distribution, with
dominant power around 10 Hz and a secondary high-frequency cluster between 150–300 Hz. (B) The mixture component shows
its strongest pole near the left ear and a second pole in the fronto-central region. While the cross-correlation function reveals
a peak at a delay of around 0 ms, the SNR within the proposed search window is significantly lower (13.53 dB) than in purely
artifactual components. Similarly, the TRF peak at 0 ms is reduced by an order of magnitude to−3 nV. The power spectrum
maintains a peak around 100 Hz, but high-frequency power is markedly diminished compared to the artifact component. (C)
The brain component exhibits a clear dipolar topography and lacks a distinct correlation peak with the audio signal. Its TRF is
characterized by a physiologically plausible peak around 100 ms. The power spectrum is bimodal, showing expected peaks in the
delta (1–4 Hz) and alpha (8–13 Hz) bands, followed by a sharp high-frequency cutoff.

components combine features from both ends of the
spectrum.

CI artifact component
A typical CI artifact, as depicted in figure 2(A), is
marked by a strongly lateralized topography cen-
tered around the position of either of the implants,
as these are the positions where the artifacts origi-
nate. The topography does not show a dipolar struc-
ture. The cross-correlation function of the IC’s time-
series with the audio waveform depicts a sharp peak,
with a very high SNR of 30.8 dB in the proposed
search window between -5 ms and 12 ms around the
onset. This peak reflects the high degree of correspon-
dence between the CI artifact and the audio stim-
ulus. Similar to the topography, the TRF is domi-
nated by a few channels near the right ear that exhibit
large amplitude magnitudes at 0 ms. The distribu-
tion of power across frequencies is bimodal. Beyond
a first peak around 10 Hz, high-frequency compo-
nents between 150 and 350 Hz contribute substan-
tially to the signal’s power, which are consistent with

common stimulation strategies, where frequencies up
to 300 Hz are used for apical stimulation [3, 33].

Mixture component
As the blind-source-separation rarely achieved a
clear-cut separation of artifacts and neural com-
ponents, we observed several mixture components,
which we understand as linear combinations of neu-
ral activity and artifactual data. Figure 2(B) illus-
trates a representative example: while the topog-
raphy is dominated by lateralized activity near
the left implant, a secondary fronto-central pole
emerges, suggesting a neural contribution. The
cross-correlation function maintains a distinct peak.
However, the SNRwithin the searchwindow results in
a lower value of 13.5 dB. While the TRF also depicts
a substantial response near 0 ms, the amplitude is
significantly reduced compared to the artifact com-
ponent to −3 nV. Furthermore, channels from the
entire montage contribute to the TRF. Finally, the
spectral profile displays a pronounced decay between
1 and 10 Hz with a clear 12 Hz alpha peak, yet it fails
to taper at higher frequencies. Instead, we observe
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persistent power around 100 Hz, likely caused by the
CI stimulation.

Brain component
Figure 2(C) depicts a robustly isolated neural compo-
nent. Its topography is characterized by a clear dipolar
distribution, with poles situated in the fronto-central
and slightly right-lateralized posterior regions. The
analysis of the temporal correlation with the pre-
sented audio confirms the neural origin, as no dis-
tinct peak emerges at 0 ms. Similarly, the TRF has no
significant peak near 0 ms latency. Instead, the TRF
peaks at a physiologically plausible latency of 100 ms
with a 7 nVmagnitude, and a spatially broad distribu-
tion across channels. Lastly, the power spectrum dis-
plays a canonical profile, featuring prominent energy
in the delta (1–4 Hz) and alpha (8–13 Hz) bands, and
a sharp drop of power above 20 Hz.

3.2. Qualitative evaluation of artifact detection
methods
The TRFs for the preprocessed EEGdata—with ICs of
physiological artifacts already removed—still showed
large CI artifacts, both for the attended and the dis-
tractor speaker (figure 3(A)). These artifacts man-
ifested as large magnitudes of a few EEG channels
with peaks around the delay of 0 ms. Especially chan-
nels located near the CIs, such as channels TP9 and
T7 in our IC example in figure 2(A), exhibited the
elevated magnitudes. This demonstrated that CI arti-
facts survived the removal of physiological artifacts
with ICLabel.

We therefore applied CORSICA and the TRF-
based benchmark method (TRFICA) to the prepro-
cessed EEG data. We varied the tunable SNR thresh-
old such that the data inclusion rates ranged from
50% to 100%, in order to examine the influence of this
parameter on the resulting TRFs. For CORSICA, the
SNR threshold was varied from 6 dB to 32 dB in 1 dB
increments. At each step, the percentage of included
data was calculated as the proportion of retained ICs
relative to the total IC count. The SNR thresholds for
TRFICA were chosen to yield comparable data inclu-
sion rates, enabling a fair comparison between the two
methods. The TRFICA threshold was accordingly var-
ied from 5 dB to 25 dB in 1 dB increments.

For both methods, TRFs were computed sepa-
rately at each SNR threshold for the attended and
distractor speakers. Panels B–F in figure 3 present
TRFs at selected SNR thresholds for CORSICA, while
figure 4(Panels B–F) shows the corresponding TRFs
for TRFICA at comparable data inclusion levels.

CORSICA
When applying CORSICA, the artifact contamina-
tion of the TRFs was already strongly reduced when

only 0.82% of the data were excluded (SNR thresh-
old of 30 dB), with a clear reduction in themagnitude
of the two prominent channels (figures 3(B))–(F).
As more data was excluded (lower SNR thresholds),
the peaks of typical artifact-contaminated channels
such as TP9 and T7 shifted toward longer and thus
more expected latencies, suggesting effective CI arti-
fact suppression. At the SNR threshold of 27 dB, CI
artifacts were greatly attenuated, while a large per-
centage of the EEG data (98.28% of all ICs) was pre-
served. The prominent peaks then emerged at phys-
iologically plausible latencies of 24 ms, 104 ms, and
184 ms. Therefore, we selected 27 dB as the optimal
SNR threshold for CORSICA. For lower SNR thresh-
olds, the attended TRFs remained qualitatively simi-
lar with decreasing amplitudes.

The distractor TRFs yielded similar results, as
decreasing SNR thresholds led to reducedmagnitudes
and longer peak latencies. Overall, the TRF magni-
tudes were generally smaller in the distractor condi-
tion compared to the attended condition. The dis-
tractor TRF peaked at later latencies (24 ms, 120 ms,
and 200 ms) compared to the attended condition as
expected [9].

TRF-based artifact detection
Figure 4 shows the TRFs at different SNR thresh-
olds for the TRF-based artifact reduction method.
Inspecting the TRFs at the 19 dB threshold
(figure 4(C), where the same amount of data as the
optimal threshold for the correlation-based approach
is preserved, we still observe a prominent peak in
both the attended and distractor TRF before stimulus
onset. The early latency and the location of the peak-
ing channel T7 near the left ear are both indicative
of a persistent artifact. CI artifacts decreased notably
and were barely visible at an SNR threshold of 17 dB
(figure 4(D) or lower. We thus evaluated the optimal
threshold as 17 dB, where 96.48% of data was pre-
served. The distractor peak latencies (40 ms, 128 ms,
and 200 ms) were slightly delayed compared to the
attended peaks (24 ms, 104 ms, 184 ms).

Peak amplitudes
Sincemore data was excluded in the TRFICA approach
to reach a satisfactory TRF than for CORSICA, the
TRF amplitudes appeared lower in the former than
in the latter case. To quantify this amplitude reduc-
tion, we calculated the absolute value of each chan-
nel’s TRF coefficient and then took the average across
all channels. We found average peak amplitudes of
4.9 nV, 3.9 nV, and 2.5 nV for the attended TRF for
the CORSICA method at 27 dB SNR threshold, and
3.3 nV, 2.8 nV, and 2.4 nV for the TRFICA approach
at 17 dB SNR threshold. The numerical analysis thus
supported the visual impression.

9
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Figure 3. Grand average TRFs resulting from CORSICA. TRFs were computed for different SNR thresholds for attended and
distractor stimuli. (A) The baseline TRF, where only physiological artifacts were removed, still exhibits significant CI artifacts.
(B)–(F), The highest SNR threshold at which CI artifacts are no longer visible for the attended and distractor speaker is 27 dB
SNR (C). For the attended talker, the TRFs then peak at 24 ms, 104 ms, and 184 ms, while the peak delays are 24 ms, 120 ms, and
200 ms for the distractor.

Comparison to SOBI blind source separation
We next investigated the impact of the source sep-
aration method on CI artifact removal, compar-
ing ICA against SOBI source separation as the
backbone for artifact rejection. To this end, we
repeated the correlation-based analysis using SOBI
instead of InfoMax ICA to identify independent
EEG components. Those components were subse-
quently evaluated for CI artifacts using the corre-
lation based method to quantify the SNR. Given
thatCORSICAoutperformedTRFICA on ICA-derived
components, TRFSOBI was not considered for the
SOBI comparison.

The resulting TRFs from CORSICA and
the correlation-based method using SOBI

source-separation (corrSOBI are compared in figure 5.
The optimal SNR threshold for CORSICA of 27 dB,
corresponding to a data retention of 98.12%, served
as the baseline. For corrSOBI, an equivalent IC reten-
tion rate required a notably higher SNR threshold of
33.0 dB, suggesting that SOBI yielded less separable
artifact components than ICA.

While the artifacts were largely attenuated for
the ICA-based separation, prominent CI-artifacts
remained visible for the SOBI-based separation, for
both the attended and distractor TRF (figure 5 A).
The physiological plausibility of the TRF based on
corrSOBI was substantially improved when including
only 90% of ICs (SNR threshold = 27.3 dB, figure 5
B). Peaks in the negative domain had then vanished,
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Figure 4. Grand average TRFs from the TRFICA approach for CI artifact removal. TRFs were computed for different SNR thresh-
olds for attended and distractor stimuli. (A) Baseline TRF with physiological artifact removal only. (B)–(F), TRFs for decreasing
SNR thresholds. All but one visible CI artifacts disappeared at a SNR threshold of 17 dB (D) and lower. The SNR threshold of
17 dB was thus determined as the optimal one. Gray dotted lines indicate the peak latencies at 24 ms, 104 ms, and 184 ms for the
attended speaker. The distractor TRF peaks emerge at latencies of 40 ms, 128 ms, and 200 ms.

and the artifact’s amplitude had decreased. However,
a single dominant channel from the left hemisphere
remained visible for both the attended and ignored
TRF obtained from corrSOBI.

In contrast, the TRF obtained from CORSICA
appeared entirely artifact-free at this stage. Note that
for figures 5(C)–(F), the scale has been reduced to
-15-15 nV to enable a clear visibility of the TRFs”
shapes. A satisfactory artifact attenuation using the
corrSOBI method was achieved at 80% of ICs included
(SNR threshold = 22.9 dB, figure 5 (C). Both the
attended and distractor TRF were free from obvious
artifacts, as the impact of single channels had fur-
ther decreased. However, as more components had
to be excluded to ensure acceptable signal quality, the
signal power was reduced, which translated to lower

TRF amplitudes than for CORSICA at 98.12% IC
inclusion.

3.3. Metric-based comparison of artifact reduction
methods
Figure 6 compares the TRFs obtained from the three
employed artifact rejection methods, CORSICA,
corrSOBI and TRFICA, across varying levels of data
inclusion based on Pearson correlation, the averaged
latency error of TRF peaks compared to the reference,
and the averaged amplitude error of the TRF peaks.
Given that a ground truth TRF is lacking, we used
the TRF obtained from the attended speaker with the
CORSICA method at the optimal SNR threshold of
27 dB (98.28% data retained) as a reference. This TRF
was previously identified as optimal through visual
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Figure 5. Grand average TRFs using the same correlation-based artifact rejection approach but involving two different source-
separation methods. Left column: corrICA, which is used for CORSICA method. Here, sources were separated into independent
components using InfoMax ICA. Right column: corrSOBI method where sources are separated by second-order blind identifica-
tion (SOBI). The percentage of included ICs is identical within each row to facilitate comparability across methods. The method
based on SOBI requires a larger portion of excluded ICs to achieve successful removal of the CI-artifacts.

inspection. Note that we applied a nonlinear power-
law scaling (exponent= 2.5) to the x-axis to improve
the visibility of changes at high levels of data inclu-
sion. SNR thresholds were varied in integer steps,
which correspond to unequal increases in data reten-
tion, resulting in unevenly spaced data points along
the x-axis.

Pearson correlation
At very high SNR thresholds, where almost 100% of
the data are retained, both ICA-based methods for
CI artifact removal exhibited only medium values
of channel-wise Pearson correlation with the refer-
ence TRF (figure 6(A)). This reflected the presence of
residual CI-induced artifacts, as also observed in the
corresponding TRFs (see figures 3(B) and 4(B),(C)).
As the rejection threshold decreased, such that
more components were rejected, the correlation first

improved. CORSICA yielded higher correlation val-
ues than the TRFICA approach, whichwas expected, as
the perfect correlation value of r = 1 was necessarily
reached when the reference TRF was correlated with
itself. TheTRFICAmethod achieved itsmaximumcor-
relation with the reference TRF (r= 0.85) also at 96%
data retention, which is consistent with the visual
inspection. The overall strong agreement between
the two methods (maximal correlation value of r=
0.85) supported that both approaches largely elimi-
nated the same ICs, and demonstrated that key TRF
features were reproducibly captured with both arti-
fact removal methods. In contrast, with decreasing
SNR threshold, the corrSOBI approach first suffered
from a decrease in correlation to the reference TRF as
obtained by CORSICA, possibly due to the different
source-separation approach. However, stronger arti-
fact rejection then lead to a substantial increase in
correlation, and a maximum of r= 0.86 was reached
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Figure 6.Metric-based comparison across CORSICA and the TRFICA, and corrSOBI benchmarks for CI artifact removal. The
TRF obtained from CORSICA at an optimal SNR threshold of 27 dB was employed as a reference. The corresponding percent-
age of data inclusion of 98.28% is marked as a vertical dashed gray line. The x-axis has been nonlinearly transformed using a
power-law scaling (exponent of 2.5) to enhance the visibility of variations at high levels of data inclusion. The horizontal gray
line indicates the baseline of each metric for data where only physiological artifact removal was applied. (A) Pearson correlation
between the different TRFs and the reference TRF, averaged across EEG channels (higher is better). Both ICA-based methods first
show an increase in correlation with the reference TRF, and reach a maximum around the reference ratio of data inclusion. The
SOBI-based approach first exhibits a decrease in correlation to the reference TRF and reaches its maximum when 82% of ICs are
included. (B) Latency error (lower is better). Both ICA-based methods show a sharp improvement when 2% of ICs are rejected.
A minimum latency error of 3 ms is reached by the TRF-based approach. The SOBI-based correlation method reaches the low-
est latency difference of 5 ms to the reference TRF between 94% and 80% data inclusion. (C) Amplitude error (lower is better).
The TRF-based method reached its minimum slightly after the reference TRF at 96% data inclusion. The SOBI-based method
reached its minimum only when 90% of ICs are included. All methods exhibit a substantial increase in amplitude error, when
more than 20% of components are rejected.

when 90% of ICs were included. Hence, the corrSOBI
reached a slightly higher maximal Pearson correla-
tion with the reference TRF, obtained by applying
CORSICA, compared to the TRFICA approach.

Latency error
Figure 6(B) reports the latency error and shows that
the mean absolute latency error for the CORSICA
approach reached zero at 98.12% data inclusion, as
expected for the reference threshold. Noteworthy,
however, is that the latency error remained zero
even when removing about 20% of the data. The
TRFICA method followed a similar trend, reaching
3 ms latency error at 98.12% data inclusion and stay-
ing there until up to 35%of the data were excluded. In
bothmethods, the latency error increased whenmore
than 20% of the data were excluded, consistent with
an over-rejection of components and the following
signal quality loss. After an initial increase in latency
error to 22ms, the corrSOBI method dropped to a 5ms
latency error between 94 and 80% of included ICs.

Amplitude error
As reported in figure 6(C), the amplitude error of
CORSICA reached its inherent minimum at 98.28%
data inclusion, with sharp increases observed on
either side of this optimum. The TRF-based method
mirrored this trajectory, similarly peaking in perfor-
mance at 96.48% inclusion with a minimum ampli-
tude error of 1.3 nV. Similar to the other metrics, the
SOBI-based method first exhibited a slight deteriora-
tion before the amplitude error fell off. Theminimum
latency error of 1.3 nVwas reached at 90% data inclu-
sion, followed by a steady increase with stronger arti-
fact rejection.

Across the three metrics, we observed that the
TRFICA method reached its optimum consistent with
visual inspection around 96% data inclusion, further
supporting this threshold as optimal. Consistent with
the visual inspection, the corrSOBI approach reached
its optimumwith respect to the reportedmetrics later
than the othermethods. This suggests that, when rely-
ing on temporal correlation to the audio signal as an
exclusion criterion, more ICs must be excluded when
using SOBI compared to Infomax ICA.

3.4. Subject-level analysis
The preceeding analysis targeted the population
behavior, with results computed from the EEG data
of all CI patients combined. To assess how well
CORSICA worked on the level of individual subjects,
and how variable the results at this level were, we also
computed performance metrics and TRFs for single
subjects 7.

In figure 7(A), we report Pearson’s correlation
coefficient, latency and amplitude error of the TRFs
on the level of individual subjects, as compared
to the reference TRF. Additionally, we report the
corresponding metrics for three individual subjects,
one with good CORSICA performance, another
with medium performance, and a third with poor
performance.

Pearson correlation coefficient
At the level of individual subjects, Pearson correla-
tion coefficients were overall lower than in the grand-
average analysis, reflecting the inherent noisiness of
individual TRFs. A clear increase with artifact rejec-
tion was nonetheless observable, with Pearson cor-
relation coefficients peaking at an optimal inclusion
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Figure 7. Subject-level analysis of TRFs obtained through CORSICA. (A) Evaluation of subject-level TRFs through different met-
rics (Pearson correlation coefficient, latency error, and amplitude error), relative to the grand-average reference TRF. The bold
gray line indicates the mean across subjects, and the gray-shaded area denotes one standard-deviation. Results from three sub-
jects with good, medium and poor CORSICA performance are shown as green, yellow and red lines, respectively. The vertical
dashed line indicates the optimal value of 98.28% data inclusion determined from the grand average. The mean of Pearson cor-
relation coefficient peaks at 96% data inclusion before declining gradually at lower inclusion rates. The latency error reaches a
minimum at 96% data inclusion, which barely differs from the baseline, before rising above the baseline value, while the ampli-
tude error decreases monotonically with decreasing data inclusion. (B) TRFs of the three exemplary subjects from panels A, at
98.28% data inclusion. The TRFs on the left show a clean dominant peak around 120 ms with no visible artifact residuals. The
TRFs of the middle panel exhibit a peak at negative latencies, likely reflecting residual CI contamination. The TRFs of the right
panel remain dominated by a few channels near the left implant, indicating insufficient artifact suppression.

rate of 96.16%, which was slightly lower than the
grand-average optimum of 98.28%. This discrepancy
reflects a difference between the mean of the individ-
ual correlation coefficients and the correlation coeffi-
cient of the grand average. Such a difference can arise
from the nonlinearities involved in the ridge regres-
sion as well as in the computation of Pearson correla-
tion coefficients.

At high data exclusion rates, Pearson correlation
coefficients declined and converged toward the no-
rejection baseline. Comparing no artifact rejection
to CORSICA at 98.28% data inclusion, a Wilcoxon
signed-rank test revealed a significant improvement
in the correlation coefficients, with a large group-level
effect (W= 18.0, RBC= 0.789, pFDR = 0.0053).

Comparing CORSICA against the two bench-
mark methods, Wilcoxon signed-rank tests revealed
significantly higher Pearson correlation coefficients
for CORSICA relative to both corrSOBI (W= 28.0,
RBC= 0.797, pFDR < 0.001) and TRFICA (W= 57.0,
RBC= 0.506, pFDR = 0.044), with a considerably
larger effect size for the comparison against corrSOBI.

Latency error
Without artifact rejection, the mean latency error on
the level of individual subjects was comparable to the
grand average (20 ms). However, unlike the grand-
average, no systematic reduction in latency error was
observed across SNR thresholds, indicating that TRF
peak latencies only become reliable after averaging

across subjects. Accordingly, the Wilcoxon signed-
rank test revealed no significant improvement at
98.28% data inclusion relative to no artifact rejection
(W= 6.0, RBC=−0.2, pFDR = 0.787). Consistent
with Pearson correlation coefficient, the subject with
good CORSICA performance achieved the lowest
latency error, while the subjects with medium and
poor CORSICA performance exhibited substantially
larger errors of 21 and 29 ms, respectively.

The between-method comparison for latency
error showed a significant advantage of CORSICA
over corrSOBI (W= 32.0, RBC=−0.723, pFDR =
0.008), whileCORSICAandTRFICA did not differ sig-
nificantly (W= 20.0, RBC= 0.111, pFDR = 0.813).

Amplitude error
The baseline amplitude error (no artifact rejection) at
the level of individual subjects was substantially larger
than in the grand-average analysis (10 nV vs 2 nV).
This presumably reflects the observation that TRFs
at the level of individual subjects can exhibit peaks
at different latencies from those of the grand average
TRF, which contribute to the amplitude error, while
many of these peaks are suppressed when averaging
across subjects.

The amplitude error showed the clearest
trend with increasing artifact rejection, decreasing
monotonically towards a value of about 2.9 nV.
Accordingly, the Wilcoxon signed-rank test revealed
a highly significant reduction in amplitude error
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at 98.28% data inclusion, as compared to no arti-
fact rejection, with a large effect size (W= 2.0,
RBC=-0.97, pFDR < 0.001). Interestingly, the sub-
ject with the good CORSICA performance exhib-
ited a larger amplitude error than the subject with
medium performance, although slightly better (at
98.28% data inclusion) than the participant with
poor performance.

For amplitude error, neither benchmark com-
parison reached significance: CORSICA did not dif-
fer from corrSOBI (W= 128.0, RBC= 0.072, pFDR =
0.777) or from TRFICA (W= 99.0, RBC=−0.143,
pFDR = 0.777).

Individual TRFs
Figure 7(B) shows individual TRFs obtained with
CORSICA at 98.28% data inclusion (vertical dashed
line in panels A). The TRFs of the subject with
good CORSICA performance show no artifactual
response near 0 ms latency, but instead a first peak
at about 40 ms delay and a second larger peak around
120 ms that are clearly of neural origin. The subject
with medium CORSICA performance exhibits TRFs
with a residual response at negative delays, indicative
of incomplete artifact suppression, alongside neural
responses at around 40 ms and 200 ms. The TRFs of
the subject with poor CORSICA performance remain
dominated by the CI artifact, driven by several left-
lateralized channels, with themagnitude of one chan-
nel clearly exceeding the neural responses seen in the
other examples.

4. Discussion

In this study, we introduced CORSICA, a repro-
ducible and fully objective method for CI artifact
rejection in EEG responses to continuous speech.
We benchmarked the method thoroughly against
two alternatives: a TRF-based rejection criterion and
SOBI as an alternative source separation backbone.
By systematically evaluating the resulting TRFs across
a range of SNR thresholds, we demonstrated that
CORSICA effectively suppresses CI artifacts while
retaining more than 98% of ICs, leaving neural activ-
ity largely intact. These results establish the tempo-
ral correspondence between the stimulus and the CI
artifact as a robust and sufficient criterion for artifact
identification, and validate CORSICA as a practical
pre-processing standard for speech-evoked EEG in CI
users.

This work closes a methodological gap in CI
research, as previous approaches are either inef-
fective for continuous stimuli [14] or rely heav-
ily on manual component labeling, which is time-
consuming and lacks reproducibility [7, 17]. As inter-
est in EEG recordings from CI users continues to
grow, CORSICA offers the research community an

objective, validated, and parameter-transparent solu-
tion for CI artifact reduction.

4.1. Method comparison
CORSICA identifies CI artifacts through the cross-
correlation between the audio stimulus and each IC
time series, penalizing components that yield peaks
near 0 ms delay—a signature of the tight temporal
coupling between the stimulus and the resulting arti-
fact. The TRF-based benchmark (TRFICA) operates
on the sameprinciple but uses theTRFof each ICwith
respect to the speech envelope instead of the broad-
band cross-correlation.

Although both approaches effectively suppressed
CI artifacts and recovered physiologically plausi-
ble TRFs, CORSICA proved superior as it success-
fully suppressed the artifact with less data rejection.
Rejecting only 1.78% of ICs was sufficient for robust
artifact suppression, compared to 3.52% for TRFICA,
and the TRFs resulting from CORSICA exhibited
larger peak amplitudes. This advantage was further
supported by the analysis of the subject-level TRFs,
where the TRFs from CORSICA showed a signifi-
cantly higher Pearson correlation to the reference TRF
at 98.28% data inclusion compared to the TRFICA
method. The advantage of CORSICA may stem from
its use of broadband signal content up to 300 Hz,
whereas TRFICA relies on the speech envelope in the
much narrower 1–8 Hz range, potentially providing a
less discriminative artifact signature.

Replacing ICA with SOBI as the source separa-
tion backbone (corrSOBI) also achieved robust arti-
fact attenuation, but required the removal of a sub-
stantially larger proportion of ICs. This was consis-
tent across both visual inspection, where 20% data
exclusion was deemed appropriate, and the metric-
based analysis, where the optimal operating point
for corrSOBI fell between 10% and 20% exclusion—
well above the 1.72% sufficient for CORSICA. A
direct comparison of the subject-level TRFs further
supported this finding. At 98.28% data inclusion,
the individual CORSICA TRFs showed significantly
higher Pearson correlation and significantly lower
latency error with respect to the reference TRF.

4.2. Participant variability
The subject-level analysis revealed substantial inter-
individual variability in TRFs, similar to what
is known from typical hearing individuals [36].
However, different neural processing and CI artifacts
amplified this effect even further.

Statistically, CORSICA significantly improved
both Pearson correlation and amplitude error rela-
tive to no artifact rejection, with a particularly large
effect for amplitude error (RBC = −0.97), confirm-
ing its effectiveness in suppressing high-amplitude CI
artifacts. The complementary behavior of the met-
rics underlines the importance of evaluating multiple
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quality measures: amplitude error decreased mono-
tonically with more aggressive rejection, whereas
Pearson correlation peaked at 96.16% and declined
beyond this point, demonstrating that overly aggres-
sive rejection degrades TRF morphology.

Latency error was not significantly improved at
the subject level, suggesting that it is particularly sus-
ceptible to individual TRF noise and only becomes
reliable after across-subject averaging. Finally, the
variability across the three exemplary subjects shown
in figure 7 suggests that a subject-specific SNR thresh-
old could improve outcomes for participants with
pronounced residual artifacts, at the cost of reduced
pre-processing comparability across subjects. Such
subject-specific preprocessing constitutes an interest-
ing direction for future work.

4.3. Temporal characteristics
Using temporal characteristics for artifact detection
has previously been applied by Paul et al who iden-
tified artifact components by visually comparing IC
activations with the audio stimulus waveform [7, 8].
When the component’s time series mirrored the tem-
poral dynamics of the stimulus, those components
were classified as artifacts. Our work further supports
the important role of temporal alignment to identify
CI artifacts. The methods employed in the current
study take previous approaches one step further by
introducing a quantitative SNR value to measure the
strength of temporal alignment between the stimulus
and the IC.We note that the semi-automatedmethod
by Viola et al [14] identifies CI artifacts by their sharp
onset and offset with stimulus transition for syllable
stimuli. The methods that we propose hear may be
viewed as a generalization of this approach for EEG
responses to continuous audio stimuli, where a clear
temporal separation between stimulus onset and off-
set is lacking.

4.4. Spatial characteristics
CI artifacts have previously routinely been identified
through manual inspection of the spatial topogra-
phies of ICs [7, 13, 37]. CI-related components typ-
ically exhibit strong activity localized near one of the
implant sides, as depicted in figure 2 A. However, the
transition to components that contain a mixture of
neural signal and artifact, as shown in figure 2(B),
can be hard to detect. To date, no objective method
to classify CI-artifacts to continuous stimuli based on
their topography is available. Moreover, the topogra-
phy alone cannot indicate the strength of an artifac-
tual component. Therefore, when relying on manual
labeling of components, temporal and spectral char-
acteristics should also be considered.

4.5. Spectral characteristics
The power spectrum of the exemplary CI-artifact
in figure 2 A showed significant contributions at
frequencies between 150 Hz and 300 Hz, which

is the frequency range typically used for apical
stimulation [33]. Those high-frequency components
are consistent with prior results on CI artifacts
in electrically-evoked auditory steady-state response
measurements [38]. In contrast, neural components
exhibit a 1/f power decay and thus have only negli-
gible power above 100 Hz (figure 2(C)). Previously,
only Kim et al [17] considered spectral information
to identify CI artifacts to speech stimuli by visually
identifying spectral anomalies in the power spectrum
of the EEG up to 50 Hz. As a result of their low
cut-off frequency in the pre-processing, they likely
have missed some high-frequency components of
the CI artifact. The method was only validated in
four individuals and relied on manual inspection.
Nevertheless, the success of our correlation-based
method, incorporating high-frequency data, and the
high-frequency content in the exemplary artifact sug-
gest that spectral characteristics are a useful marker
for identifying CI-artifacts.

4.6. Limitations
One limitation of our study is the reliance on a man-
ually defined ground truth for evaluating the TRF
metrics. The reference TRF was chosen based on
visual inspection of the TRFs and served as the basis
for the metric-based evaluation of the two methods.
While this approach was necessary, as no artifact-free
dataset was available, it introduced a degree of sub-
jectivity and bias in the evaluation. As such, future
work may benefit from independent validation using
externally verified ground truth data. Furthermore,
our approaches have not yet been validated on other
datasets, as publicly available EEG responses to con-
tinuous speech in CI users are currently lacking.
Future work is needed to assess the generalizability
of the proposed methods to other datasets and to
determine how the optimal SNR thresholds may vary
under different recording conditions.

We also note that both methods developed here
rely on the temporal alignment between the stimu-
lus and the IC. It should, however, be noted that cer-
tain device-related factors, such as blocking capaci-
tors introducing delayed signal variations or RF trans-
mission can lead to signals that do not strictly cor-
relate with the acoustic input. Such effect could give
rise to artifacts that are not fully captured by our
approach.

4.7. Conclusion
We presented CORSICA, a fully objective method for
CI artifact reduction in EEG responses to continu-
ous speech.We thoroughly benchmarked thismethod
against a TRF-based alternative rejection criterion
and SOBI as an alternative source separation back-
bone. The developed methods rely on the temporal
alignment of CI artifacts with aspects of the speech
signal at short temporal delays, exploiting the contrast
with neural responses which reflect low-frequency
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speech features at latencies imposed by the audi-
tory pathway. Our evaluation showed that CORSICA
outperformed the TRF-based benchmark, and that
using SOBI instead of InfoMax ICA required more
ICs to be excluded. Excluding only 1.78% of ICs was
sufficient for effective CI artifact suppression, yield-
ing clean TRFs. Our findings support the applicabil-
ity of CORSICA for artifact reduction in real-world,
continuous-stimulus EEG recordings without requir-
ing manual artifact labeling.
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