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Abstract

Objective. Trial-to-trial latency variability—well known as latency jitter—is a major source of dis-
tortion in event-related potential (ERP) analysis, particularly for late cognitive components such
as the P300. Several template-matching algorithms have been proposed to estimate single-trial
latency and improve ERP reconstruction, but direct comparisons across different methodologi-

cal approaches remain limited. This study provides a structured evaluation of three representative
algorithms: the woody filter (WF), operating in the time domain; the adaptive wavelet filter (CWT-
AWF), extending template matching to the time—frequency domain; and ReSync, a decomposition-
based method that combines signal decomposition with time-restricted realignment. Approach.
The algorithms were evaluated using surrogate EEG-like data with controlled amplitude ratios
(reported as SNR) and known latency jitter, and real EEG recordings from healthy participants
performing an auditory oddball task. Performance was assessed in terms of latency-estimation
accuracy, latency variability, ERP morphology, and waveform quality. Main Results. Across sim-
ulated conditions, ReSync achieved significantly lower latency-estimation errors and reduced
variability compared to WF and CWT-AWE, demonstrating robustness even at low SNR levels.
Importantly, this advantage persisted when all methods were constrained within the same tem-
poral window, indicating that performance gains are not solely attributable to time restriction.

In real EEG data, all algorithms enhanced P300 morphology relative to non-aligned averages, but
ReSync yielded the most consistent improvements, including the lowest latency jitter and stable
latency distributions within a range consistent with previous findings. Complementary SNR analy-
sis further indicated improved waveform quality when interpreted jointly with latency-based met-
rics. ReSync also remained stable across both single-channel and multi-channel realignment strate-
gies. Significance. These findings highlight the advantage of combining decomposition and tar-
geted realignment for mitigating ERP latency jitter. ReSync provides a reliable and morphology-
preserving framework for single-trial ERP analysis, with potential applications in cognitive neuro-
science, brain—computer interfaces, and clinical contexts.

1. Introduction of deepening our understanding of brain function
and cognition. Typically, a sensory input is presented
and the subsequent neural response is recorded.
This response, first described in 1964 [1, 2], con-

sists of complex, millisecond-scale patterns known

A substantial body of research in neurocognitive
science has focused on investigating the brain’s
dynamic responses to external stimuli, with the aim

© 2026 The Author(s). Published by IOP Publishing Ltd
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as event-related potentials (ERPs). ERPs are a pow-
erful tool for exploring how the brain modulates
its activity in response to sensory stimulation. They
reflect cognitive processes involved in stimulus eval-
uation and can reveal different stages of information
processing—from early sensory encoding to higher-
order cognitive operations [3]. Moreover, ERPs pro-
vide insight into the hierarchical organization of
dynamic neural systems [4—7] and have proven valu-
able for both diagnostic applications in psychia-
try and neurology and for brain—computer inter-
face (BCI) systems used in communication and
control [8-11].

ERPs appear as transient voltage deflections
embedded within ongoing electroencephalographic
(EEG) activity, time-locked to the onset of an exter-
nal or peripheral stimulus. They can be observed as
somatosensory, visual, or auditory responses, or as
slow cortical potentials preceding voluntary move-
ments [12]. These responses are measured directly
from scalp EEG, which provides the temporal reso-
lution required for this purpose.

Among ERPs, the P300 component is one of the
most extensively studied. It manifests as a positive
deflection reflecting attention and memory mecha-
nisms involved in stimulus evaluation, such as atten-
tional orientation, contextual updating, and response
modulation. The P300 is typically elicited using an
oddball paradigm, in which infrequent target stim-
uli are interspersed among frequent standard stim-
uli. In healthy young adults, the P300 shows max-
imal amplitude over centro-parietal sites and peaks
around 300 ms after the onset of a rare stimu-
lus [13, 14]. Because ERPs are much smaller in
amplitude than the background EEG, signal process-
ing methods are required to enhance their signal-
to-noise ratio (SNR) [15]. The most widely used
method is time-domain averaging, which computes
a sample-by-sample, stimulus-locked average of mul-
tiple EEG epochs from repeated presentations of
the same event [16]. This approach assumes that
ERPs are stationary across trials—i.e. invariant in
amplitude and latency—while unrelated EEG activ-
ity averages out as noise [17]. While effective for
early sensory components such as the N100, this
assumption breaks down for later components like
the P300, whose timing reflects higher-order cogni-
tive dynamics. In such cases, each stimulus repeti-
tion can produce responses with substantial trial-to-
trial latency variability—a phenomenon known as
latency jitter [18]. This variability may arise from
intrinsic cognitive fluctuations [19] or from neural
noise [20]. Latency jitter can distort average ERPs,
resulting in attenuated amplitudes, shifted peaks, or
even complete loss of the response [21]. It may
also impair the performance of P300-based BCIs
in both healthy users [22] and clinical populations
such as patients with amyotrophic lateral sclerosis
[23-25].
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The detrimental effects of latency jitter have moti-
vated the development of methods for estimating
ERP latency at the single-trial level. Critically, these
latency estimates are not merely descriptive: they are
used to realign each trial to the estimated ERP peak
rather than to the stimulus onset. This peak-based
realignment is essential not only for reconstructing
an ERP waveform that preserves its true morphology,
but also for improving the detectability of the com-
ponent itself, which may otherwise be compromised
by latency jitter. In fact, jitter-induced smearing can
attenuate or obscure ERP components to the point of
hindering their reliable identification, an issue that is
particularly relevant in clinical applications where the
amplitude, timing, or absence of specific components
carries diagnostic significance.

Early latency-correction approaches relied on
time-domain filtering and peak detection but proved
highly sensitive to low-frequency noise. Template-
matching strategies, first introduced by Woody (1967
[26]), represented a major step forward by estimating
single-trial latencies through cross-correlation with
a predefined ERP template. However, these meth-
ods remained vulnerable to noise patterns resembling
ERP morphology [27]. Later approaches such as the
adaptive wavelet filter (AWF [28]) extended template
matching into the time—frequency domain, leverag-
ing wavelet decomposition to isolate event-related
oscillatory activity [29, 30] and reduce interference
from background noise.

A separate class of approaches—including prin-
cipal component analysis, independent component
analysis (ICA), and the residue iteration decom-
position (RIDE)—attempts to address latency vari-
ability by decomposing ERPs into subcomponents
[31, 32]. Although powerful, these methods depend
on structural assumptions that can limit gener-
alizability and may amplify noise when violated
[33]. Recently, Ouyang proposed ReSync, a hybrid
technique combining decomposition and template
matching approaches by estimating latencies and
reconstructing the ERP using trial-specific timing
information [33]. A key feature of the ReSync
approach is that latency estimation is performed
within a predefined temporal window correspond-
ing to the expected occurrence of the ERP compo-
nent. This time-restricted strategy is designed to limit
the influence of non-stimulus-locked activity and
to reduce the risk of aligning trials to peaks occur-
ring at implausible latencies, as well as to enable the
separate realignment of ERP components occurring
at different latencies. In contrast, classical template-
matching approaches such as WF and AWF typically
operate without explicit temporal constraints, poten-
tially increasing their susceptibility to spurious peak
alignment.

In multichannel EEG recordings, leveraging
spatiotemporal information across electrodes can
improve jitter correction by reducing cross-electrode
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noise. Group-based or weighted channel correc-
tion strategies have also been shown to outper-
form single-electrode approaches in estimating ERP
latencies [27].

Despite the wide range of methods proposed for
ERP latency estimation, direct comparisons across
different classes of template-matching approaches
remain limited. In particular, time-domain (WF),
time—frequency-domain (AWF), and decomposition-
based (ReSync) methods have typically been evalu-
ated in isolation, making it difficult to understand
their relative strengths under controlled conditions.
Similarly, the effect of applying latency correction at
the single-channel level versus using spatially aggre-
gated corrections across multiple electrodes has not
been explicitly examined.

While several methods have been proposed to
address latency jitter, a systematic comparison of their
performance under controlled conditions remains
limited. In particular, the impact of key method-
ological aspects—such as the presence of explicit
temporal constraints on latency estimation and the
use of spatially aggregated versus channel-specific
realignment—has not been thoroughly investigated.
The present study aims to provide a systematic eval-
uation of ERP realignment strategies for mitigating
latency jitter and improving both P300 reconstruc-
tion and detectability. Specifically, the work addresses
the following questions:

i. How do time-domain, time—frequency, and
decomposition-based template-matching algo-
rithms compare in estimating single-trial ERP
latency under varying noise conditions?

ii. To what extent do these methods improve ERP
morphology and component detectability in real
EEG data, while preserving the temporal and
structural characteristics of the signal?

iii. How does the presence or absence of an explicit
temporal constraint on latency estimation influ-
ence the robustness of realignment, particularly in
the presence of spurious or non—stimulus-locked
activity?

iv. How does the application of latency correction
at the single-channel level versus using spatially
aggregated corrections across multiple electrodes
influence realignment outcomes?

In this context, the present study aims not
only to benchmark representative template-matching
approaches operating in different domains (time,
time—frequency, and decomposition-based), but also
to identify the conditions under which these strate-
gies succeed or fail in reconstructing and detecting the
P300 component. By explicitly isolating and compar-
ing these factors, the work provides a practical and
conceptual framework for interpreting the behavior
of latency realignment algorithms.
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2. Methods

2.1. Template matching algorithms

The most common strategy for mitigating the impact
of latency jitter on ERP reconstruction involves a
three-step procedure: (i) estimating the ERP latency
at the single-trial level, (ii) resynchronizing each trial
based on the estimated latency rather than the stimu-
lus onset, and (iii) applying time-domain averaging to
the realigned trials to obtain an improved ERP wave-
form. Among these steps, reliable single-trial latency
estimation is the most challenging, largely due to
the low SNR of event-related responses in individual
repetitions.

Template-matching algorithms provide an effec-
tive solution by estimating latency shifts through sim-
ilarity measures computed between each trial and
a predefined template, in either the time or time—
frequency domain. The procedure typically begins by
computing an initial template as the stimulus-locked
average across trials. Next, a similarity function—
commonly cross-correlation or cross-covariance—is
calculated between the template and each single-trial
waveform. The peak of this function identifies the
temporal lag at which the single trial best matches the
template. Each trial is subsequently shifted forward or
backward by this lag, thereby aligning the ERP com-
ponents across repetitions.

The following subsections describe the woody fil-
ter (WF), the AWE and the ReSync method, and detail
how each algorithm performs latency estimation and
realignment on both synthetic and real EEG datasets.
To improve clarity, scalar, vector, and matrix quanti-
ties are denoted using distinct notation. In particular,
matrix variables are indicated in boldface, while scalar
and vector quantities are represented using standard
notation. This convention is adopted throughout the
manuscript to avoid ambiguity.

2.1.1. WF

The WF is the earliest template-matching approach
proposed for reducing latency variability in ERP anal-
ysis [26]. It is an adaptive, iterative algorithm oper-
ating in the time domain, which uses the stimulus-
locked average across trials as an initial template and
relies on cross-correlation to estimate the latency of
each single-trial ERP.

Let the dataset:

x[n] =[x (n),x(n),....xx(n)],n=1,...,N (1)

consist of K EEG responses time-locked to iden-
tical stimulus events recorded from a single elec-
trode, where x[n] denotes the set of single-trial EEG
responses, x; (1) denotes the ith single-trial response
in the discrete-time domain, and N is the number of
samples per trial.

WEF  performs alignment of the single-trial
responses with respect to a template xr (n) that is
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computed as the stimulus-locked average across trials:

K
xT(n):%in(n)7n:1,...,N. (2)
i=1

For each trial, the following steps are executed:

1) Cross-correlation  computation.  The
correlation ®;(m) between the template xr(n)
and the ith trial is computed as:

Cross-

N

D, (m) :ZxT*(n)x,-(n—&-m) (3)
n=1
with m = —N, ..., N, where m denotes the corre-

lation lag.

2) Latency estimation. The estimated latency shift
5; corresponds to the lag at which the cross-
correlation reaches its maximum:

5i=argmax®;(m). (4)

3) Trial realignment. Each trial is shifted by §; to
obtain the aligned waveform x/! (n).

2.1.2. AWF

The AWF extends the classical WF approach to the
time—frequency domain by operating on the wavelet
decomposition of the signal [28]. Instead of align-
ing ERPs directly in the time domain, AWF applies
the WF procedure independently to each multi-
resolution scale obtained via wavelet transform. Each
scale corresponds to a specific frequency band and
can be interpreted as a bandpass-filtered representa-
tion of the signal. Because activity at a given scale
is assumed to contain a single dominant feature,
this multiscale approach enables the preservation of
multiple ERP-related components across different
frequencies.

The goal of AWF is to compensate for trial-to-trial
variations in latency and phase within the scales that
carry ERP features of interest, reducing the negative
effect of higher-frequency activity on ERP identifi-
cation at single-trial level. This allows the algorithm
to perform realignment with reduced distortion, par-
ticularly when both low-frequency ERP components
and high-frequency artifacts (e.g. myogenic activity)
are present [18].

The AWF procedure consists of two main steps:

1) Wavelet decomposition. Wavelet transform is com-
puted for each trial x'[n] to obtain its multi-
resolution time—frequency representation.

2) Scale-wise WF alignment. The WF algorithm is
applied independently to the wavelet coefficients
at each selected scale, estimating and correcting
latency shifts at the resolution corresponding to
that frequency band.

I Quattrociocchi et al

2.1.3. ReSync
ReSync is a template-matching algorithm that, like
the WE, operates in the time domain, but introduces
two key innovations: (i) it employs a signal decompo-
sition framework to isolate the single-trial, stimulus-
locked ERP component using a timing function, and
(ii) it restricts realignment to a specific time window,
ensuring that only the portion of the signal contain-
ing the ERP of interest is modified [33].

For each electrode, the continuous EEG signal is
modeled as:

x(i)=> c(n)d(—n)+ei=1, .. N-K (5

n=1

where x (7) is the concatenated recording containing
K trials, each of length N, ¢(n) is the stimulus-locked
ERP component, d(7) is the timing function (1 at
stimulus onset, 0 otherwise), € denotes background
noise.

In matrix form, the model becomes:

X=D-C+e. (6)

From this formulation, the ERP component C can be
reconstructed by least-squares estimation:

c=(0p'p) '-D"-X (7)

where DT denotes the transpose of the timing matrix.

ReSync applies latency estimation and realign-
ment only within the time window where the ERP is
expected, following these steps:

1) Template computation. The ERP template is
defined as the reconstructed component C.

2) Windowing. A time interval of interest is selected,
and the template is windowed accordingly, yield-
ing Cr.

3) Dominant frequency estimation. The dominant fre-
quency of Cr is determined by identifying the peak
of its Fourier Transform, reflecting the character-
istic spectral content of the ERP.

4) Cross-covariance computation. For each trial, the
cross-covariance function @ ;°°V (m) is computed
between Cr and the corresponding windowed
trial:

N

®; % (m) = ( Cr*(n) - Z\%Z Cr’ (”))
X <xi(n—|— m) — ;]Zx,(n)>
: ®)

with m=—N/2,...,N/2, where the reduced
lag range avoids estimates dominated by high-
variance regions.
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5) Frequency-based filtering. ®;°°¥ (m) is low-pass
filtered using a cutoft equal to the dominant fre-
quency plus 1 Hz, preserving only the spectral con-
tent relevant to the ERP.

6) Latency estimation. The single-trial latency is esti-
mated as the lag that maximizes the filtered cross-
covariance. These estimates are used to construct a
resynchronized timing function d® (7).

7) Signal reconstruction. The realigned EEG trace
XR is reconstructed by replacing D with DR in
equation (6):

XR=DR.C+e¢ (9)

where DR is the resynchronized timing matrix
obtained from the estimated single-trial latencies.

2.2. Comparing performances of realignment
algorithms on surrogate EEG-like data—

The performance of the three algorithms was first
assessed using surrogate EEG-like data simulating a
typical P300 ERP experiment, in which the P300 com-
ponent was affected by latency jitter across trials. The
simulation study consisted of the following steps:

1) Generation of surrogate data. Multi-trial EEG-
like signals were generated, each containing P300
waveforms with an imposed well-known latency
shift (for details see par. 2.2.1). Three SNR con-
ditions were simulated (factor SNR: 0.1, 0.5, 1).
Two scenarios were considered: SINGLE including
a single P300 component; SINGLE + SPURIOUS
including a P300 component accompanied by an
additional, non—stimulus-locked spurious peak.

2) Algorithm application. The three realignment algo-
rithms (factor ALGORITHM: WE, AWF, ReSync)
were applied offline to the surrogate datasets gen-
erated in step 1, under both the SINGLE and
SINGLE + SPURIOUS scenarios and across all
SNR conditions.

3) Performance evaluation. Algorithm performance
was quantified by evaluating each method’s ability
to estimate the imposed latency jitter at the single-
trial level.

To ensure statistical robustness, the entire simula-
tion procedure was repeated W = 100 times for every
combination of factors.

2.2.1. Generation of EEG-like signals
EEG-like simulated signals containing P300 wave-
forms were generated using a linear additive model:

¥ (t) =s/ () + SNR- C/ (1),
i=1,...,Kandj=1, ..., W (10)
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where ¥/; (1) denotes the EEG response of the ith trial
in the jth iteration, §; (t) represents the EEG back-
ground activity, and C;(t) is the ERP component
centered at the latency tJERP) ; (defined below), scaled
by the SNR factor.

In the simulation framework, the parameter
referred to as SNR is defined as the ratio between
the peak amplitude of the ERP component and that
of the background activity at the single-trial level.
This parameter is used to control the relative promi-
nence of the ERP signal during data generation and
does not correspond to a conventional SNR esti-
mate based on signal energy or variance. To facilitate
interpretation, the corresponding SNR values were
also estimated a posteriori on the averaged waveforms
using a standard ERP-based definition (ratio between
P300 peak amplitude and baseline standard devia-
tion) [34]. The imposed amplitude ratios (0.1, 0.5,
1) correspond approximately to SNR values of ~2.8,
~10.4, and ~16.2 in the SINGLE scenario, and ~3.0,
~7.0, and ~12.4 in the SINGLE + SPURIOUS sce-
nario, respectively.

The background activity s;(t) was generated
using an autoregressive (AR) model driven by white
noise (optimal order equal to 20). The AR coefficients
were estimated from real EEG data recorded at elec-
trode Cz during resting-state conditions in a healthy
subject. ‘

For each iteration, the ERP component C!(t)
was modeled as a unit-amplitude Gaussian waveform
centered at:

frp; =1 +2i=1, .. Kandj=1, ..., W

(11)
where t* is the expected latency of the ERP (e.g.
300 ms for the P300), and tJl is a trial-specific shift. The
shifts tJl were drawn from a gamma distribution with
mean and standard deviation equal to the imposed
jitter (50 ms). For each trial, this shift was gener-
ated independently, so that the latency of each ERP
component varied autonomously across repetitions.
The values of #. were randomly drawn from a gamma
distribution, ensuring that all shifts were strictly
positive [18]. This choice reflects the assumption that
ERP latency variability occurs relative to a minimum
physiologically plausible latency of the P300 compo-
nent and therefore manifests as trial-to-trial delays
rather than anticipatory responses. The parameters
of the gamma distribution were selected such that
the resulting distribution of ERP latencies across tri-
als exhibited both a mean and a standard deviation
equal to the imposed jitter value (50 ms). This pro-
cedure guaranteed that the overall latency jitter—
defined as the standard deviation of the single-trial
peak latencies—matched the desired jitter level by
construction, while maintaining a positively skewed
latency distribution consistent with empirical obser-
vations of cognitive ERP components.
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Figure 1. Graphical representation of the linear additive model used to generate EEG-like multi-trial datasets containing event-
related potentials. Two simulation scenarios are illustrated: SINGLE and SINGLE + SPURIOUS. The ERP waveforms associated
with each scenario (panels (b) and (c)) were superimposed on the background activity (panel (a)), with both components nor-
malized in amplitude. Panels d and e show the stimulus-locked averages computed across 60 simulated trials for each SNR level.

ERP components were then added to the back-
ground activity for both simulated conditions. In
particular, in the SINGLE scenario only a peak was
imposed with #* equal to 300 ms simulating the
presence of a P300 component for all the observa-
tions, while in the SINGLE + SPURIOUS scenario
two Gaussian peaks were superimposed on the back-
ground activity, with #;* equal to 300 ms for the P300
peak, and t,* equal to 600 ms for the spurious peak. In
80% of the trials, the P300 amplitude was four times
larger than that of the spurious peak; in the remain-
ing 20%, the spurious peak amplitude was four times
larger. This asymmetric ratio was chosen to avoid
generating two peaks that would both appear equally
plausible as stimulus-locked responses due to a high
repetition probability, while still introducing a real-
istic subset of trials dominated by non-task-related
activity. The SINGLE + SPURIOUS scenario was
specifically designed to evaluate the effect of latency
estimation outside the expected temporal window
of the P300. In particular, the additional peak was
positioned outside the plausible latency range of the
component of interest in order to model an interfer-
ing deflection occurring at implausible latencies. This
configuration allows us to explicitly assess the risk of
unconstrained realignment algorithms aligning trials
to non—stimulus-locked peaks, potentially leading to
artificial amplitude enhancement. A graphical repre-
sentation of the two scenarios is provided in figure 1.
For both conditions, each dataset consisted of K = 60
trials, generated according to equations (10) and (11).
The choice of 60 trials reflects the typical number
of target stimuli used in auditory oddball paradigms
[35-37].

Finally, to match the pre-processing applied to
real EEG data (see section 2.3.4), simulated trials were
band-pass filtered using a fourth-order Butterworth
filter in the range 1-20 Hz.

The code used to generate the synthetic data and
perform the analyses is available at this link.

2.2.2. Application of jitter correction algorithms

EEG-like surrogate data were used to assess the abil-
ity of the three realignment algorithms to estimate
single-trial ERP latency shifts. The estimated latencies
were directly compared with the ground-truth shifts
imposed during data generation. Accurate recovery of
these shifts is a prerequisite for effective latency jitter
correction in template-matching frameworks.

The three algorithms (WF, AWE, ReSync) were
applied to the surrogate datasets. For each scenario,
the full procedure was repeated 100 times. For every
SNR level, algorithm, and iteration, we collected the
single-trial latency estimates required to align each
trial with the template.

The AWF procedure for this study was therefore
implemented as follows:

1) Each trial was transformed into the wavelet
domain across the entire bandwidth of the fil-
tered signal (1-20 Hz), using a continuous wavelet
transform (CWT) with Morlet function as mother
wavelet, selected for its effectiveness in capturing
low-frequency ERP components such as the P300
[38].

2) The analysis was restricted to a narrow frequency
range centered around the realignment frequency,
defined as the frequency corresponding to the PSD
peak, extended +0.5 Hz to create a 1 Hz band-
width. If this estimated frequency did not fall
within the characteristic P300 range (2-4 Hz),
it was replaced with 3 Hz, which is widely used
in P300 analyses [33, 39]. This choice reflects
a trade-off between isolating ERP-related oscilla-
tions and preserving the broadband nature of the
component. The selection of this frequency range
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was further supported by previous work from
our group, in which different bandwidths were
systematically evaluated and the chosen range was
found to optimize latency estimation performance
[40]. This approach therefore aims to balance
spectral specificity and robustness to noise at the
single-trial level.

3) A template was computed using only the wavelet
coefficients within the selected realignment fre-
quency range, allowing the realignment to focus on
the dominant frequency component while reduc-
ing the influence of unrelated activity.

4) WF was applied at the corresponding single scale,
yielding a latency shift estimate for each trial.

In the original formulation, AWF relies on a dis-
crete wavelet decomposition to isolate the frequency
components associated with the ERP of interest. In
the present study, we implemented an adapted ver-
sion of AWF based on the CWT, in order to obtain a
more flexible and fine-grained time—frequency repre-
sentation. This choice allows for a more precise selec-
tion of the frequency range associated with the P300
component, which is known to be predominantly
represented in the low-frequency bands. It should be
noted that, due to the use of CWT instead of the orig-
inal discrete wavelet framework, the present imple-
mentation should be considered an adaptation of the
AWF method rather than a strict replication.

For clarity, this implementation will hereafter be
referred to as CWT-AWF throughout the manuscript.
The CWT used in the CWT-AWF implementation
was computed using the MATLAB Wavelet Toolbox
(MathWorks, Natick, MA, USA).

For the ReSync algorithm, the time window used
for latency estimation was selected according to the
expected P300 latency, which typically falls within
300—400 ms [13, 14]. To accommodate the imposed
jitter, a broader window of [200, 500] ms was used
during realignment.

To explicitly assess the role of temporal con-
straints, an additional analysis was performed in
which all algorithms were applied within the same
temporal window ([200-500] ms), corresponding to
the expected latency range of the P300 component.
This control condition allowed us to isolate the effect
of time-restriction from the intrinsic properties of the
different realignment approaches.

2.2.3. Computation of performance parameters

To evaluate the performance of the three alignment
algorithms, the mean of the imposed single-trial
latencies was first computed across all K observations
for each iteration j (denoted as ). This value repre-
sents the ground-truth latency of the template for that
iteration. The estimated latency for each trial was then
compared to this reference value. For each iteration j,
an error metric was defined as:

I Quattrociocchi et al

K
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with i =1,...,Kand j = 1, ..., W. & denotes the
latency estimated for the ith trial during iteration j,
and K is the total number of simulated trials in each
dataset (K = 60) and W is the number of repetitions
(W =100).

2.2.4. Statistical analysis

To compare the performance of the three algorithms
across the two simulated conditions (SINGLE and
SINGLE + SPURIOUS), a statistical analysis was per-
formed considering algorithm, SNR, and scenario as
factors. Since the distributions of the performance
metrics deviated from normality (Shapiro—Wilk test,
a = 0.05), non-parametric tests were employed.

To assess the effect of SNR, the Kruskal-Wallis
test was applied separately for each algorithm and
scenario; significant results were followed by Mann—
Whitney U post hoc tests to identify pairwise dif-
ferences among SNR levels.To evaluate the effect of
the algorithm, the Friedman test was performed for
each SNR level and scenario, with Wilcoxon matched-
pairs tests used for post hoc comparisons among algo-
rithms. To assess the influence of the scenario, Mann—
Whitney U tests were applied for each algorithm and
SNR combination. For all statistical tests, the signifi-
cance threshold was set to « = 0.05 and adjusted using
the false discovery rate (FDR) correction to control
for multiple comparisons.

All statistical analyses were performed for both
implementations of the alignment methods: the orig-
inal formulation and the time-constrained condition
in which all algorithms were restricted to the same
temporal window ([200-500] ms). This dual analysis
enabled a direct comparison between unconstrained
and windowed realignment, allowing the effect of
temporal constraints to be evaluated independently
of the specific algorithm.

An overview of all statistical analyses performed
in the study is reported in table 1.

2.3. Comparing performances of realignment
algorithms on real EEG data from healthy subjects
Participants—EEG data were acquired from 10

healthy volunteers (6 males; mean age = 26.5 & 6.2 years)

at Fondazione Santa Lucia (Rome, Italy) to evaluate
the performance of the alignment algorithms. All
participants reported no history of neurological or
psychiatric disorders, no alcohol or drug abuse, and
had normal or corrected-to-normal vision.

All were right-handed. The study protocol was
approved by the local Ethics Committee (CE PROG.
603/2017) and conducted in accordance with the
Declaration of Helsinki. All participants provided a
written informed consent before taking part to the
study.
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Table 1. Overview of statistical analyses performed in the study.
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Analysis context Dependent variable  Factors Statistical test Post-hoc test Purpose
Simulated data (per ~ Error ALGORITHM  Friedman test Wilcoxon Compare performance
scenario and SNR) (3 levels) matched-pairs across algorithms
Simulated data (per ~ Error SNR Kruskal-Wallis test ~ Mann—Whitney U Assess effect of noise
scenario and (3 levels) level
algorithm)
Simulated data (per ~ Error SCENARIO Mann-Whitney U~ — Compare SINGLE vs
SNR and algorithm) (2 levels) SINGLE + SPURIOUS
Real data (single P300 ALGORITHM  Friedman test Wilcoxon Evaluate amplitude
shift) amplitude (4 levels) matched-pairs enhancement
Real data (single Latency shift ALGORITHM  Friedman test Wilcoxon Assess mean latency
shift) (3 levels) matched-pairs correction
Real data (single Latency jitter ALGORITHM  Friedman test Wilcoxon Assess variability
shift) (3 levels) matched-pairs reduction
Real data (single SNR ALGORITHM  Friedman test Wilcoxon Compare SNR levels
shift) (4 levels) matched-pairs across algorithms
Real data (median SIR across ALGORITHM  Friedman test Wilcoxon Compare dispersion
shift, 3/9 channels) channels (3 levels) matched-pairs across methods
Real data (median SIR across NUMBER OF Mann-Whitney U =~ — Evaluate effect of spatial
shift, per algorithm)  channels CHANNELS aggregation

(2 levels)

2.3.1. Experimental setup

A standard auditory P300 oddball paradigm was
implemented using Cubase Essential (Steinberg
Media Technologies GmbH, 2008). The stimulus
sequence consisted of 420 complex high-frequency
tones (440 4 880 + 1760 Hz; standard stimuli) and 60
complex low-frequency tones (247 + 494 + 988 Hz;
rare stimuli), pseudo-randomly interspersed.

Stimuli had a duration of 50 ms, with 5 ms rise/-
fall time, an intensity of 70 dB, and an inter-stimulus
interval (ISI) of 850 ms. Participants passively listened
to the auditory stream delivered binaurally through
sound-isolating earphones (Shure SE-115 CL, sensi-
tivity of 105 dB, impedance of 16 ) and frequency
range of 22 Hz-17.5 kHz) equipped with soft flex
sleeves.

2.3.2. EEG recordings

EEG signals were recorded from 26 active electrodes
(Fpl, Fp2, F7, F3, Fz, F4, F8, FC5, FCz, FC6, T7,
C3, Cz, C4, T8, CP5, CP1, CP2, CP6, P7, P3, Pz,
P4, P8, O1, O02) arranged according to an extended
10-20 System (GAMMAsys; Guger Technology OG,
Austria). The reference was placed at the left mastoid
and ground at Fpz. Four additional electrodes were
used to record eye movements. Signals were ampli-
fied (g.USBAmp, Guger Technology), band-pass fil-
tered (0.5-70 Hz), digitized at 512 Hz, and stored
for offline analysis (Brain Vision Recorder v1.05.0005;
Brain Products GmbH, Germany).

2.3.3. Pre-processing of EEG traces

Data were offline referenced to the common average
over all electrodes. EEG traces were then band-pass
filtered in the range [1-20] Hz (IIR phase shift-free
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Butterworth filters with a slope of 48 dB/oct), ocu-
lar artifacts were removed by means of ICA, then
traces were segmented into [—200; 1000] ms win-
dows according to the stimulus onset separately for
rare and standard stimuli. A baseline correction was
applied by using the signal mean value within 200 ms
before the stimulus onset, and artifacts were removed
by means of an automatic threshold criterion (i.e. sig-
nal segments exceeding 80 11V in absolute value were
excluded from the analysis). All pre-processing was
performed using Vision Analyzer 1.0 (Brain Products
GmbH).

2.3.4. Evaluating the effect of the realignment on ERP
characteristics

To evaluate how the three alignment algorithms,
influence ERP morphology, we focused on target
trials, which are expected to elicit a reliable P300
response in an auditory oddball paradigm [41]. Two
electrode montages were considered: a midline set
(Fz, Cz, Pz), commonly used in P300 studies [36], and
a nine-channel set (F3, Fz, F4, C3, Cz, C4, P3, Pz, P4),
providing broader spatial sampling of P300-related
activity. For each participant, and each channel in
the two sets, single-trial latency shifts were estimated
using WE, CWT-AWE, and ReSync. For CWT-AWE,
a subject-specific realignment frequency was identi-
fied as the median of the PSD peak frequencies across
Fz, Cz, and Pz, ensuring alignment within the fre-
quency band most representative of each individual.
Realignment was applied only to the wavelet coeffi-
cients within this target scale, and the full-band signal
(1-20 Hz) was then reconstructed using the inverse
wavelet transform.
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For ReSync, realignment was restricted to the
[200-500] ms interval—consistent with the expected
P300 latency range—to avoid affecting portions of
the waveform unrelated to the component of inter-
est. This selective operation aims to realign only
stimulus-locked activity while preserving the rest of
the signal.

The EEG traces were realigned according to
three spatial strategies: (i) specific shift, where each
median shift, where the same latency correction—
computed as the median across either three or nine
electrodes—was applied to all channels. To summa-
rize, 9 conditions were obtained, corresponding to
the combination of three algorithms (WF, CWT-AWF
e ReSync) and three spatial strategies (specific shift,
median shift 3ch, median shift 9ch). Grand aver-
ages (GAs) were computed to examine the effect of
realignment on group-level ERP morphology for the
three algorithms and the different spatial strategies.

To quantify the effect of realignment on ERP mor-
phology, four metrics were extracted:

i) P300 amplitude, measured as the maximum value
of the across-trial average within the expected
P300 time window. This parameter reflects the
degree of peak enhancement produced by realign-
ment, capturing the recovery of amplitude other-
wise lost due to jitter-induced smearing;

ii) P300 latency shift, computed as the across-trial
mean of the single-trial latency estimates for each
channel;

iii) P300 latency jitter, defined as the standard devi-
ation of these latency estimates, representing the
dispersion of realigned peak latencies across trials.

iv) P300 SNR, defined as the ratio between the P300
peak amplitude and the standard deviation of
the pre-stimulus baseline, providing an additional
index of signal quality and alignment effectiveness
[34].

The combined use of latency shift and jitter
allows us to assess whether the increase in ampli-
tude obtained after realignment is driven by the cor-
rect alignment of P300 peaks consistent with expected
latency ranges, or by the unintended alignment of
spurious deflections. Accordingly, optimal realign-
ment performance is expected to be characterized by
an increased P300 amplitude, latency shifts centered
close to zero, and low latency jitter. Deviations from
this pattern, such as large average shifts or excessively
high jitter values, indicate that peak enhancement
may be driven by the alignment of spurious or non—
stimulus-locked activity rather than by improved
temporal precision of the genuine ERP component.
Importantly, amplitude is therefore not interpreted
in isolation, but jointly with latency-based metrics to
mitigate the risk of waveform distortion.
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In addition, for the median-shift spatial strategy,
we calculated the semi-interquartile range (SIR)
across channels to evaluate the consistency of P300
latency shift across the scalp.

Finally, GA waveforms were qualitatively com-
pared to assess how specific versus median-based
latency corrections influenced waveform morphology
and P300 detectability.

2.3.5. Statistical analysis

Before conducting statistical comparisons, we exam-
ined the distributions of all extracted parameters—
P300 amplitude, P300 latency shift, P300 latency jit-
ter, P300 SNR and across-channel SIR—and verified
that none followed a normal distribution (Shapiro—
Wilk test, @ = 0.05). Consequently, all analy-
ses were performed using non-parametric statistical
methods.

To assess the influence of the alignment algo-
rithm on P300 amplitude and P300 SNR, we applied
the Friedman test with four within-subject levels
(non-realigned, WF, CWT-AWE, ReSync), allowing
us to evaluate whether any realignment procedure
produced a measurable enhancement relative to the
unaligned data. A similar Friedman analysis was per-
formed on the P300 latency shift and P300 latency jit-
ter parameters; in this case, the factor ALGORITHM
included only the three realignment methods (WE,
CWT-AWE, ReSync), and tests were carried out sep-
arately for Fz, Cz, and Pz to capture potential topo-
graphical differences.

We also examined how consistently each method
produced latency estimates across channels by ana-
lyzing the across-channel SIR values. Here, the fac-
tor ALGORITHM (WE, CWT-AWE ReSync) was
treated as a within-subject variable, while the factor
NUMBER OF CHANNELS (3 vs 9 channels) served as
a between-condition comparison. The Friedman test
was used to evaluate algorithm-driven differences,
whereas comparisons across channel sets were con-
ducted with the Mann—Whitney U test. When sig-
nificant effects were detected, Wilcoxon matched-pair
tests were used for post hoc pairwise comparisons. To
reduce the risk of false positives associated with mul-
tiple testing, we set a significance level o = 0.05 cor-
rected using the FDR procedure.

3. Results

3.1. Testing of alignment algorithms on EEG-like
surrogate data

Effect of the algorithm and SNR on performance—
tables 2 and 3 summarize the results of the Friedman
and Kruskal-Wallis tests, which were conducted to
evaluate the influence of the algorithm and SNR
factors on latency-estimation error, separately for the
SINGLE and SINGLE + SPURIOUS scenarios. Both
factors showed a significant effect on the error metric
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Table 2. Results of the Friedman test computed on the latency-estimation error in the SINGLE and SINGLE + SPURIOUS scenarios,
considering ALGORITHM (WE, CWT-AWE, ReSync) as within-factor. The analysis was repeated for each SNR level (0.1, 0.5, 1) and for
both the original (unconstrained) formulation and the time-constrained implementation in which all algorithms were restricted to the
same temporal window ([200-500] ms). See figures 2(a) and (b) for the corresponding boxplot representations.

Factor: ALGORITHM (dof = 2)

SNR = 0.1 SNR=0.5 SNR =1
ALGORITHM VERSION SCENARIO Chi Sqr. p Chi Sqr. p Chi Sqr. p
Original SINGLE 178.88  <0.0001  169.22  <0.0001  151.62 <0.0001
SINGLE 4+ SPURIOUS ~ 178.89  <0.0001 18528  <0.0001  157.22 <0.0001
Time-constrained SINGLE 177.38  <0.0001  150.72  <0.0001  150.72 <0.0001
SINGLE 4+ SPURIOUS ~ 182.00  <0.0001 15128  <0.0001  150.50 <0.0001

Table 3. Results of the Kruskal-Wallis test computed on the latency-estimation error in the SINGLE and SINGLE + SPURIOUS
scenarios, considering SNR (3 levels: 0.1, 0.5, 1) as between-factor. The analysis was performed separately for each algorithm (WE,
CWT-AWE, ReSync). See figures 2(a) and (b) for the corresponding boxplot representation.

Factor: SNR (dof = 2)

WF CWT-AWF ReSync
ALGORITHM VERSION SCENARIO p H p H p
Original SINGLE 206.22 <0.0001 156.52 <0.0001 113.36 <0.0001
SINGLE + SPURIOUS 182.75 <0.0001 135.78  <0.0001 90.01 <0.0001
Time-constrained SINGLE 190.079  <0.0001 91.12 <0.0001 113.36 <0.0001
SINGLE + SPURIOUS 89.27 <0.0001 5.79 0.0552  90.0052 <0.0001

across all conditions. Focusing first on the effect of
the algorithm under the original formulation (table 2;
figure 2(a)), clear differences emerged across meth-
ods. At low and medium SNR values (0.1 and 0.5),
CWT-AWF outperformed WE, yielding significantly
smaller errors.

At the highest SNR level (1.0), however, the per-
formance of the two methods converged, and their
error values did not differ significantly. Across all SNR
levels, ReSync consistently achieved the lowest error,
outperforming both WF and CWT-AWF regardless
of noise conditions. This highlights the robustness
of ReSync’s decomposition-based framework, even
when the input signal is heavily contaminated by
noise.

When all algorithms were constrained within the
same temporal window ([200-500] ms) (figure 2(b)),
a general reduction in latency-estimation error
was observed for both WF and CWT-AWE, par-
ticularly at low and medium SNR levels. This
indicates that part of the performance differences
observed in the unconstrained case is attributable
to the absence of explicit temporal restrictions.
Despite this improvement, ReSync maintained supe-
rior performance across all SNR conditions, con-
firming that its advantage is not solely due to
the use of temporal constraints, but also to its
ability to isolate stimulus-locked activity through
decomposition.

The effect of SNR itself was also highly signifi-
cant for all three algorithms (table 3). As expected,
error values decreased as SNR increased, reflecting
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improved detectability of the ERP peak under less
noisy conditions, for all the three algorithms.

Effect of the scenario on the performance of realign-
ment algorithms— The results of the statistical anal-
ysis conducted to investigate the influence of the
scenario on the algorithms’ performance for each
method and SNR level are summarized in table 4
and in figure 3. Focusing first on the original for-
mulation (figure 3(a)), the scenario had a clear and
consistent impact on the WF algorithm. For all
SNR values, WF performed significantly worse in
the SINGLE + SPURIOUS condition compared to
the SINGLE condition, reflecting its sensitivity to the
presence of spurious peaks. In contrast, CWT-AWF
was less affected by the additional peak. A signifi-
cant scenario effect emerged only at the highest SNR
level (SNR = 1), suggesting that CWT-AWF can dis-
tinguish the true ERP component reasonably well
when the underlying signal is strong. ReSync showed
the greatest robustness to scenario differences. At the
lowest SNR level (0.1), the scenario had no signifi-
cant effect on its performance. A significant differ-
ence emerged only at SNR = 0.5 and 1, indicating
modest sensitivity to the additional peak at higher
SNRs. Even in these cases, however, ReSync main-
tained considerably lower error values relative to the
other algorithms.

When all algorithms were constrained within
the same temporal window ([200-500] ms)
(figure 3(b)), the impact of the scenario was markedly
reduced for both WF and CWT-AWE. In particu-
lar, the performance gap between the SINGLE and
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Figure 2. (a) Boxplots showing the distribution of absolute latency-estimation errors across SNR levels (0.1, 0.5, 1) for the three
alignment algorithms (WE, CWT-AWE, ReSync) in the SINGLE scenario. (a) Original (unconstrained) formulation. (b) Time-
constrained implementation in which all algorithms are restricted to the same temporal window ([200-500] ms). The asterisk
(*) denotes statistically significant differences between factor levels (a = 0.05, FDR-corrected).

Table 4. Results of the Mann—Whitney U test computed on the latency-estimation error, considering SCENARIO (2 levels: SINGLE,

SINGLE + SPURIOUS) as between-factor. The analysis was performed separately for each algorithm (WF, CWT-AWE, ReSync) and for
each SNR level (0.1, 0.5, 1), under both the original (unconstrained) formulation and the time-constrained implementation ([200-500]
ms). See figures 3(a)—(b) for the corresponding boxplot representations.

Factor: scenario (dof = 1)

WF CWT-AWF ReSync
ALGORITHM VERSION SCENARIO Z adj. P Z adj. p Z adj. p
Original SNR =0.1 2.38 0.017 0.22 0.828 0.95 0.343
SNR = 0.5 3.93 <0.0001 1.10 0.270 4.20 <0.0001
SNR =1 5.82 <0.0001 4.06 <0.0001 4.94 <0.0001
Time-constrained SNR =0.1 —0.086 0.932 —0.056 0.955 —0.95 0.343
SNR = 0.5 —4.85 <0.0001 —4.49 <0.0001  —4.20 <0.0001
SNR =1 —9.42 <0.0001 —8.83 <0.0001 —4.94 <0.0001

SINGLE + SPURIOUS conditions decreased across
all SNR levels, especially at lower SNR values, indi-
cating that temporal constraints limit the influence
of spurious peaks on latency estimation. Despite this
improvement, residual differences between scenarios
remained visible, particularly at higher SNR levels.
ReSync continued to exhibit the highest robustness
across conditions, with minimal performance degra-
dation and consistently lower error values compared
to the other methods.

3.2. Testing of alignment algorithms on real EEG
data from healthy subjects

3.2.1. Effect of realignment on ERP characteristics
Figure 4(a) compares the grand-average (GA) wave-
forms obtained at Pz for the three alignment algo-
rithms and for the raw (non-aligned) data. Because
the dataset was collected from healthy participants,
the P300 component is already clearly visible even
without realignment, as the natural jitter in this pop-
ulation is relatively small. Nonetheless, applying the

alignment algorithms leads to a noticeable enhance-
ment of the P300 morphology.

All three methods increase the peak amplitude
relative to the non-aligned case, with WF pro-
ducing the largest amplification—although often
accompanied by broader oscillatory patterns—while
CWT-AWF and ReSync induce more moderate yet
cleaner enhancements.

The statistical evaluation of P300 amplitude,
mean latency shift, and latency jitter across the
three midline electrodes (Fz, Cz, Pz) is summarized
in table 5 and illustrated in figures 4(b)—(d). The
alignment method significantly influenced all three
parameters at all scalp locations, with the exception
of the latency-shift metric at Pz, where the effect was
marginal (p = 0.045).

As shown in figure 4(b), the raw data consistently
displayed the lowest P300 amplitudes (median values
of approximately 4—6.5 (4V). All three alignment algo-
rithms significantly increased these values. WF pro-
duced the largest increases (/=10-13 pV), followed
by ReSync (=7-10 V), whereas CWT-AWF yielded

11
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Figure 3. Boxplots showing the distribution of absolute latency-estimation errors for the two simulation scenarios (SINGLE
and SINGLE + SPURIOUS) across the three alignment algorithms (WF, CWT-AWE, ReSync). (a) Original (unconstrained)
formulation. (b) Time-constrained implementation in which all algorithms are restricted to the same temporal window ([200—
500] ms). The asterisk (*) denotes statistically significant differences between factor levels (c = 0.05, FDR-corrected).

the smallest amplification (= 5.5-7.5 ©V). These
patterns closely match the qualitative observations
from figure 3(a): while all algorithms enhance the
waveform, WF tends to strongly amplificate the
peak, whereas ReSync and CWT-AWF produce a
lower P300 enhancement. Latency-shift distributions
(figure 4(c)) further highlight the differences among
methods. CWT-AWF systematically produced values
centered around ~200 ms, while WF and ReSync
yielded distributions centered closer to 0 ms. An
exception emerged at Cz for WE, where the estimated
shifts were centered around—150 ms.

Dispersion differed markedly across algorithms:
WE exhibited the widest spread, CWT-AWF showed
intermediate variability and ReSync demonstrated
the tightest and most stable estimates.

These trends were confirmed by statistical com-
parisons. CWT-AWE differed significantly from both
WF and ReSync at Fz and Cz, while WF and ReSync
did not differ significantly from each other. Latency
jitter (figure 4(d)) revealed the most striking con-
trasts. WF exhibited extremely large jitter values (cen-
tered around 700 ms), followed by CWT-AWF (cen-
tered around 400 ms). ReSync, by contrast, produced
smaller jitter values, centered near 50 ms, with very
narrow distributions. ERP SNR results (figure 4(e))
show that all methods tend to improve signal qual-
ity compared to the non-aligned condition, although
with different levels of variability. ReSync provides
more stable SNR values across channels. However,

SNR should be interpreted alongside latency-based
metrics, as increases in SNR alone may also reflect
alignment of spurious activity.

A detailed quantitative summary (median and
interquartile range) of the results in panels b—e of
figure 4 is provided in the Supplementary Materials
(table S1).

3.2.2. Effect of number of channels on realignment
algorithms performance

To further investigate how spatial information influ-
ences the quality of latency correction, we examined
the effect of the number of electrodes used to com-
pute the median shift.

As shown in figure 5(a), the dispersion of the
latency shifts differed significantly depending on the
alignment algorithm for both the 3-channel config-
uration (x? = 12.6, p = 0.0018) and the 9-channel
configuration (x? = 15.2, p = 0.0005). Post hoc com-
parisons revealed that WF and CWT-AWF produced
substantially larger cross-channel variability, whereas
ReSync consistently yielded SIR values close to zero—
indicating highly stable latency estimates across elec-
trodes. Interestingly, the number of electrodes used
to compute the median shift (3 vs 9 channels) did
not significantly affect the dispersion for any of the
three algorithms (WF: p = 1.00; CWT-AWEF: p = 0.36;
ReSync: p = 0.76).

This suggests that the benefits of median-based
realignment are not strongly dependent on the size of
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Figure 4. (a) Grand-average (GA) waveforms at channel Pz for target trials in healthy subjects, shown for non-aligned data and
for each alignment method (WF, CWT-AWE, ReSync). (b)—(d) Boxplots summarizing the results of the Friedman tests, with
alignment method as within-subject factor and the following dependent variables: P300 amplitude (b), mean P300 latency shift
across trials (c), and P300 latency jitter (d), evaluated at the midline electrodes Fz, Cz, and Pz. The asterisk (*) indicates statis-
tically significant differences between factor levels (o« = 0.05, FDR-corrected). A detailed quantitative summary (median and
interquartile range) of the results in panels (b)—(e) is provided in the supplementary materials (table S1).

Table 5. Results of the Friedman tests computed on three ERP parameters: P300 amplitude, P300 latency shift, and P300 latency jitter,
P300 SNR. For P300 amplitude and P300 SNR, the within-subject factor ALGORITHM included four levels (raw, WE, CWT-AWE,
ReSync). For latency shift and latency jitter, the factor included three levels (WF, CWT-AWE, ReSync). Analyses were performed
separately for each scalp location (Fz, Cz, Pz). See figures 4(b)—(d) for the corresponding boxplot representations.

Fz Cz Pz
Chi Sqr. P Chi Sqr. P Chi Sqr. p
P300 AMPLITUDE (dof = 3) 28.08 <0.0001 19.32 0.00023 25.56 0.000010
P300 LATENCY SHIFT (dof = 2) 7.40 0.025 9.60 0.0082 6.20 0.045
P300 LATENCY JITTER (dof = 2) 18.20 0.00011 20.00 0.00005 20.00 0.00005
P300 SNR (dof = 3) 8.76 0.0327 8.28 0.0406 2.76 0.430

the electrode set and that the intrinsic characteristics
of each algorithm play a much larger role in determin-
ing cross-channel consistency.

Figures 5(b)—(d) illustrate how these statistical
differences translate into P300 morphology at Pz. In
all three alignment methods, the P300 component

remains clearly identifiable under both the spe-
cific shift and median shift conditions. The WF
realignments continue to show broader oscillatory
behavior and larger peak amplitudes, consistent
with previous observations. The CWT-AWF wave-
forms, by contrast, are nearly identical across the
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Figure 5. (a) Boxplots comparing the semi-interquartile range (SIR) of latency-shift distributions across channels for the three
alignment methods (WE, CWT-AWE, ReSync), computed using either 3 or 9 electrodes in real EEG data. The asterisk (*) denotes
statistically significant differences between factor levels (a = 0.05, FDR-corrected). (b—d) Grand-average (GA; N = 10) wave-
forms at channel Pz for target trials realigned at the single-trial level using each method: WF (b), CWT-AWF (c), and ReSync (d).
For each method, three spatial realignment strategies are shown: channel-specific shift, median shift computed across 3 channels,
and median shift computed across 9 channels. A detailed quantitative summary (median and interquartile range) of the results in

panel a is provided in the supplementary materials (table S2).

specific-shift, 3-channel median, and 9-channel
median conditions, indicating that CWT-AWF is
largely insensitive to the choice of spatial aggregation.

For WF and ReSync, however, applying a spe-
cific shift to each channel results in a more pro-
nounced P300 peak than the median-shift cases.
This suggests that per-channel realignment preserves
finer temporal details that may be attenuated when
a common median shift is applied across electrodes.
Nevertheless, even under the median-shift condi-
tion, ReSync continues to produce clean and tempo-
rally sharp P300 waveforms, reinforcing its robust-
ness across spatial configurations.

A detailed quantitative summary (median and
interquartile range) of the results in panels a of
figure 5 is provided in the Supplementary Materials
(table S2).

4. Discussion

This study compared three template-matching algo-
rithms -WE, CWT-AWE, and ReSync—designed to
mitigate ERP latency jitter and improve identification
of the P300 component. While these methods share
the use of an ERP template, they differ considerably
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in their operating domains: WF in the time domain,
CWT-AWF in the time—frequency domain, and
ReSync through a decomposition-based reconstruc-
tion within a restricted time window. Beyond a pure
performance comparison, the aim of this work was
to systematically benchmark these approaches under
controlled conditions in order to isolate key factors
influencing realignment performance. In particular,
the analysis focused on the role of temporal con-
straints on latency estimation and on the impact
of channel-specific versus spatially aggregated cor-
rection strategies—two aspects that have been only
marginally addressed in previous studies. This per-
spective allows the results to be interpreted not only
in terms of relative performance, but also in terms of
the mechanisms underlying successful or misleading
realignment.

4.1. Comparison of performances on simulated
data
Our findings based on simulated data confirm that
latency jitter significantly impacts ERP morphology
and detectability for late cognitive components such
as the P300.

CWT-AWF showed better resilience due to its
reliance on multiscale wavelet decomposition, which



10P Publishing

J. Neural Eng. 23 (2026) 036033

is known to capture event-related oscillatory patterns
more effectively than traditional time-domain analy-
sis. In fact, wavelet-based approaches naturally align
with the oscillatory nature of ERPs [29], particularly
within the delta—theta frequency range characteristic
of the P300 [30]. In the present study, CWT-AWF was
further optimized by selecting a dedicated frequency
range tailored to surrogate and real datasets [42]. This
targeted approach enhanced the algorithm’s ability
to capture the ERP-specific frequency content while
suppressing unrelated neural activity [18]. Despite
these improvements, CWT-AWF still did not match
the consistency and accuracy achieved by ReSync.

The results obtained in the SINGLE + SPURIOUS
condition further emphasize the importance of con-
straining latency estimation within the expected tem-
poral window of the ERP component. When this
constraint is not enforced, alignment algorithms may
preferentially lock onto peaks occurring at implausi-
ble latencies, leading to artificial amplitude enhance-
ment that does not reflect genuine neural responses.
In this sense, the simulation framework was specif-
ically designed to make this effect explicit and to
highlight the role of time-restricted realignment
strategies.

The additional analysis performed with a shared
temporal constraint further clarifies the role of win-
dowing in the presence of spurious components.
Constraining the search to the expected P300 latency
range reduces the impact of the non-stimulus-
locked peak, particularly for methods such as WF
and CWT-AWF that do not inherently restrict the
temporal domain of realignment. This results in
improved performance and reduced sensitivity to the
SINGLE + SPURIOUS condition, especially under
low SNR. However, the persistence of residual differ-
ences between scenarios, even under identical tem-
poral constraints, indicates that windowing alone is
not sufficient to fully mitigate the influence of spuri-
ous activity. In this context, the superior robustness of
ReSync highlights the importance of combining tem-
poral constraints with decomposition-based strate-
gies, which more effectively isolate stimulus-locked
components from background and spurious signals.

While the simulation results provide a clear and
controlled comparison of the different methods, it
should be noted that the adopted model does not
fully capture the complexity of real EEG signals,
including variability in waveform morphology, non-
stationarity, and the presence of overlapping compo-
nents. As a result, the observed differences between
methods may be accentuated compared to real data.
Therefore, the simulation results should be inter-
preted as a benchmark under controlled conditions,
rather than as a direct reflection of real-world perfor-
mance. This consideration further motivates the vali-
dation of the methods on real EEG recordings, as dis-
cussed in the following section.
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4.2. Comparison of performances on real EEG data
Analyses on real EEG recordings from healthy par-
ticipants aligned with the simulation findings. All
three algorithms enhanced the P300 amplitude rel-
ative to the non-aligned data, reflecting the benefit
of jitter correction (figure 4(a)). However, the qual-
ity of realignment varied considerably. WF produced
the largest amplitude increases but introduced greater
variability and visible distortions, likely due to the
over-alignment of spurious or non—time-locked fea-
tures. CWT-AWF produced more moderate enhance-
ments, benefiting from better noise suppression, but
still exhibited broader latency distributions. In con-
trast, ReSync consistently offered a balanced improve-
ment, enhancing P300 amplitude while maintaining
temporal and morphological integrity. The method
produced the smallest latency jitter values—around
50 ms—and maintained narrow distributions. These
values are not only substantially reduced compared
to those produced by WF and CWT-AWF but also
fall within range typically reported for P300 responses
in healthy subjects [22, 23, 43] highlighting ReSync’s
ability to preserve genuine neural variability rather
than amplifying algorithmic artifacts.

At first glance, the observation that WF yields
the largest amplitude enhancement despite exhibit-
ing the highest latency variability may appear coun-
terintuitive. This apparent discrepancy highlights that
increased P300 amplitude does not necessarily reflect
improved alignment. In particular, methods such
as WF may produce sharper average waveforms by
aligning trials to prominent but inconsistently timed
peaks, including spurious or non-stimulus-locked
deflections. This results in inflated amplitude despite
large latency variability.

The distribution of latency shifts provides fur-
ther insight into the different realignment behav-
iors of the three algorithms when interpreted in
conjunction with the evaluation metrics defined in
section 2.3.4. Importantly, increases in P300 ampli-
tude should not be interpreted in isolation, as they
may also arise from the alignment of spurious or
non-stimulus-locked activity. In this study, ampli-
tude enhancement was therefore evaluated jointly
with latency shift and latency jitter. Discrepancies
between these metrics—such as large amplitude
increases accompanied by broad or systematically
shifted latency distributions—were interpreted as
indicative of potential waveform distortion, rather
than genuine improvement in ERP alignment.

WEF produced latency shifts spanning a wide
range, approximately from —200 to +300 ms, indi-
cating that trials were realigned both by advanc-
ing and delaying the waveform. This bidirectional
and highly dispersed behavior reflects the absence
of explicit constraints on peak selection: WF does
not impose restrictions on frequency content, nor
does it limit realignment to a specific temporal
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window. Consequently, latency estimates show large
dispersion and are often far from the expected P300
range, a pattern consistent with the high jitter values
observed. Within the proposed metric framework,
this combination—large amplitude increases accom-
panied by wide latency dispersion—suggests that
peak enhancement may be driven, at least in part,
by alignment to spurious or non-stimulus-locked
deflections rather than by improved temporal
precision.

CWT-AWF exhibited a more constrained behav-
ior, producing exclusively positive latency shifts rang-
ing approximately from 50 to 350 ms. The time—
frequency decomposition improves the identifica-
tion of physiologically relevant ERP-related activ-
ity, reducing the likelihood of aligning to irrelevant
deflections. However, the phase-based realignment
performed in the wavelet domain introduces a sys-
tematic delay in the reconstructed signal, resulting in
alatency-shift distribution centered around ~200 ms.
Although this approach reduces bidirectional disper-
sion compared to WE, the resulting shifts remain
substantially displaced from zero and are associated
with moderate-to-high jitter. According to the metric
framework, this pattern reflects partial improvement
in peak selection but limited control over the absolute
timing of the realigned component.

ReSync displayed a qualitatively different and
more favorable profile. By combining signal decom-
position with a time-restricted realignment strat-
egy, ReSync explicitly constrained latency estima-
tion to the expected P300 temporal window and
targeted stimulus-locked activity. This resulted in
latency shifts tightly clustered around zero and
markedly reduced jitter. When considered along-
side the observed amplitude enhancement, this com-
bination of metrics indicates genuine recovery of
the P300 component, rather than noise-driven peak
inflation [33]. Consistently, the ERP SNR analysis
provides complementary evidence, indicating that
ReSync achieves higher and more stable signal qual-
ity across channels when interpreted jointly with its
reduced latency jitter and near-zero latency shifts.
Importantly, the low jitter values obtained with
ReSync fall within the range typically reported for
P300 responses in healthy subjects, supporting both
accurate reconstruction and reliable detection of the
ERP while remaining consistent with expected physi-
ological variability [22, 23].

4.3. Evaluation of the median shift across multiple
channels

The study also explored the impact of applying
latency correction at the channel level versus using
median-based corrections across multiple channels
[27]. To our knowledge, this is the first time that the
influence of channel-level versus spatially aggregated
latency correction has been systematically examined
in the context of ERP realignment algorithms. This
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analysis revealed that ReSync maintained stable per-
formance regardless of whether specific or median
corrections were applied, whereas WF showed clear
benefits from median-shift strategies—likely due to
cross-electrode noise averaging. CWT-AWF remained
largely unaffected by this factor (figures 4(b)—(d)).
Opverall, these findings suggest that spatial aggrega-
tion may be particularly useful for algorithms that
are more susceptible to noise and cross-channel vari-
ability, while robust methods such as ReSync preserve
performance even when channel-specific variabil-
ity is minimized. The comparison between channel-
specific and spatially aggregated latency correction
strategies has not been systematically investigated in
the context of ERP realignment. For this reason, the
present study focuses on simple and well-defined
approaches to establish a clear baseline for compar-
ison. Future work should extend this framework to
more advanced strategies, such as weighted combi-
nations of channels based on signal quality or spatial
proximity, to further exploit the spatial structure of
EEG signals.

4.4. Practical recommendations for method
selection

Based on the present findings, some practical con-
siderations can be drawn to guide the selection of
ERP realignment methods under different experi-
mental conditions. When the primary objective is to
improve ERP detectability while preserving reliable
timing estimates—particularly in clinical or applied
contexts where false positives and distorted latency
estimates are critical—methods that explicitly con-
strain realignment in both time and signal structure
are preferable. In this regard, ReSync appears well
suited for scenarios characterized by low SNR, sub-
stantial latency variability, or the presence of spuri-
ous deflections, as it consistently combines amplitude
enhancement with near-zero latency shifts and jitter
values consistent with previous findings.

Time-domain approaches such as WF may be
adequate in high-SNR conditions with minimal inter-
ference, where latency variability is limited and ERP
morphology is stable. However, caution is warranted
when interpreting large amplitude increases obtained
with WE as these may be accompanied by wide
latency dispersion and reflect noise-driven alignment
rather than genuine improvement in temporal preci-
sion. The use of spatially aggregated (median-based)
corrections can partially mitigate these effects and
may be beneficial when WF is applied to multichan-
nel recordings.

Time—frequency methods such as CWT-AWF
offer a compromise between simplicity and robust-
ness by leveraging spectral constraints to improve
peak selection. They may be advantageous when the
frequency characteristics of the ERP component are
well defined and when moderate improvements in
alignment are sufficient. Nevertheless, the systematic
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latency delays observed with CWT-AWF suggest that
this approach may be less suitable when absolute tim-
ing information is critical.

More generally, the present results highlight the
importance of jointly evaluating amplitude enhance-
ment together with latency shift and latency jitter
when assessing realignment performance. Increases
in ERP amplitude should be interpreted cautiously if
accompanied by large shifts or high jitter, as these pat-
terns may indicate alignment to non—stimulus-locked
activity. Conversely, balanced improvements across
these metrics provide stronger evidence of genuine
recovery of the underlying neural response.

4.5. Limitations and impact

Despite the strengths of the present work, several lim-
itations should be acknowledged. First, the compari-
son focused exclusively on offline template-matching
approaches—WEF, CWT-AWE, and ReSync—which,
while representative of distinct methodological fam-
ilies, do not encompass the full spectrum of mod-
ern latency-correction techniques. Alternative strate-
gies, including machine learning-based approaches
or unsupervised decomposition methods such as
ICA or RIDE, may offer additional insights and
should be explored in future studies. Second, all three
methods rely on the presence of a predefined ERP
template, which assumes consistency across trials.
In paradigms involving learning, fatigue, or other-
wise non-stationary responses, this assumption may
not hold. In such cases, template-based methods
could misalign components or miss relevant dynamic
features.

Another limitation concerns the use of an autore-
gressive model to generate background activity in
the simulated data. Although this approach allows
for controlled manipulation of signal properties and
preserves realistic spectral characteristics, it does not
fully capture the non-stationary and spatially com-
plex nature of real EEG noise. Future work should
investigate the use of real resting-state EEG as back-
ground activity to further improve the ecological
validity of the simulations, while carefully balancing
this with the need to retain ground-truth control over
latency variability.

Moreover, the ReSync algorithm’s reliance on a
user-defined realignment window introduces an ele-
ment of task- and subject-specific tuning. Although
this improves specificity, it may require adaptation
across different paradigms or participant groups,
which could limit generalizability.

A further methodological aspect concerns the
selection of the frequency band in the CWT-AWEF
approach. In the present study, a relatively narrow
band centered around the dominant spectral compo-
nent was used to enhance the identification of ERP-
related activity at the single-trial level. This choice
is supported by previous work from our group, in
which different frequency ranges were systematically
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evaluated and shown to affect latency estimation per-
formance [40]. While this strategy improves robust-
ness to noise, it may also limit the ability of the
method to capture the full broadband nature of the
P300 component. This reflects an inherent trade-
off between spectral specificity and completeness
of the reconstructed signal. Future studies should
therefore systematically investigate the sensitivity of
the method to bandwidth selection, as well as to
other wavelet parameters, in order to further improve
robustness and generalizability.

An important limitation of the present study
is that validation on real EEG data was performed
on a relatively small and homogeneous group of
healthy young participants. Although the within-
subject design and the consistency of the observed
effects support the robustness of the findings, the lim-
ited sample size may constrain their generalizabil-
ity. In clinical populations, ERP components such as
the P300 are often characterized by delayed latencies,
increased jitter, and altered morphology. These fac-
tors may affect the performance of alignment algo-
rithms and could require more flexible or adaptive
temporal constraints. Future studies should therefore
evaluate the proposed approaches in larger cohorts
and publicly available benchmark datasets, as well
as in clinical populations, where accurate single-trial
detection may be even more critical.

These findings also have potential implications
for BCI applications, where latency variability can
significantly reduce the detectability of target ERPs
at the single-trial level. In this context, realignment
methods such as ReSync could be integrated as a
preprocessing step to enhance temporal consistency
and improve SNR prior to classification. In prac-
tical implementations, latency estimation could be
derived from calibration data and applied adap-
tively to incoming trials. Notably, the use of time-
restricted realignment may help prevent alignment to
non-target or spurious responses, which is particu-
larly relevant in asynchronous or noisy BCI settings.
However, further work is needed to evaluate these
approaches in fully online and unlabeled scenarios.

5. Conclusion

Overall, the results demonstrated that ReSync—by
integrating decomposition-based processing with
time-restricted realignment—consistently outper-
forms traditional time-domain and time—frequency
approaches in terms of latency estimation accu-
racy, robustness to noise, and preservation of ERP
morphology. While WF and CWT-AWF provide
improvements compared to conventional averag-
ing, they remain more vulnerable to misalignment
and the influence of spurious peaks, particularly
under low SNR conditions. In contrast, ReSync’s sta-
ble performance across all simulated and real-data
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scenarios underscores the advantages of combin-
ing spatial and temporal precision within a targeted
alignment framework.

Importantly, this study provides the first sys-
tematic comparison between decomposition-based
and classical template-matching approaches for ERP
jitter correction, as well as the first evaluation
of channel-level versus spatially aggregated latency
correction strategies. These novel analyses high-
light that advanced jitter correction methods such
as ReSync not only enhance P300 detectability but
also yield plausible single-trial latency estimates in
healthy subjects—something not achieved by tra-
ditional methods. Importantly, the additional anal-
yses demonstrate that temporal constraints alone
are not sufficient to ensure accurate realignment.
While windowing improves the performance of
classical methods, ReSync consistently outperforms
them by combining time-restricted alignment with
decomposition-based signal reconstruction, resulting
in greater robustness to noise and spurious activity.

Taken together, these findings support the adop-
tion of next-generation jitter correction techniques in
ERP research and applied domains—including BCIs
and clinical diagnostics—where precise single-trial
timing is essential. Future work should investigate
how these methods can be integrated into real-time
pipelines and extended to more diverse experimental
settings and clinical populations.
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