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Abstract
Objective. Event-related potentials (ERPs) evoked by visual stimulations comprise several
components, with different amplitudes and latencies. Among them, the N2 and N2pc components
have been demonstrated to be a measure of subjects’ allocation of visual attention to possible
targets and to be involved in the suppression of irrelevant items. Unfortunately, the N2 and N2pc
components have smaller amplitudes compared with those of the background
electroencephalogram (EEG), and their measurement requires employing techniques such as
conventional averaging, which in turn necessitates several sweeps to provide acceptable estimates.
In visual search studies, the number of sweeps (Nswp) used to extrapolate reliable estimates of
N2/N2pc components has always been somehow arbitrary, with studies using 50–500 sweeps.
In-silico studies relying on synthetic data providing a close-to-realistic fit to the variability of the
visual N2 component and background EEG signals are therefore needed to go beyond arbitrary
choices in this context. Approach. In the present work, we sought to take a step in this direction by
developing a simulator of ERP variations in the N2 time range based on real experimental data
while monitoring variations in the estimation accuracy of N2/N2pc components as a function of
two factors, i.e. signal-to-noise ratio (SNR) and number of averaged sweeps. Main results. The
results revealed that both Nswp and SNR had a strong impact on the accuracy of N2/N2pc
estimates. Critically, the present simulation showed that, for a given level of SNR, a non-arbitrary
Nswp could be parametrically determined, after which no additional significant improvements in
noise suppression and N2/N2pc accuracy estimation were observed. Significance. The present
simulator is thought to provide investigators with quantitative guidelines for designing
experimental protocols aimed at improving the detection accuracy of N2/N2pc components. The
parameters of the simulator can be tuned, adapted, or integrated to fit other ERP modulations.

1. Introduction

Event-related potentials (ERPs) provide important
information on brain functioning, in both normal
and pathological conditions [1–4]. Therefore, their
correct estimation is fundamental in cognitive stud-
ies and in studies aiming to develop brain-computer
interface (BCI) applications, which can translate
brain activity into computer commands [5–7]. The
accuracy of ERP estimation is inevitably bound to
its small amplitude in relation to the background
electroencephalographic (EEG) noise, which makes

the estimation of an ERP from EEG activity recorded
on a single trial almost impossible. In fact, ERPs are
commonly estimated by averaging EEG activity recor-
ded on tens if not hundreds of trials, so as to bring to
a minimum the influence of EEG noise on ERP isol-
ation [8, 9]. The definition of an optimal estimation
method goes hand-in-hand with the need for high
reliability. Factors such as the experimental setup,
user proficiency in collecting the data, and noise
sources could affect the reliability of the ERP estimate.

Many studies in the ERP field have attempted to
validate novel ERP estimation techniques by either
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developing ad hoc simulation frameworks or using
existing tools to generate and/or assess EEG data [10–
12]. Simulation creates an environment that is fully
under the user’s control, so that several factors can be
manipulated in a controlled fashion and their contri-
bution to the reliability of an ERP estimate precisely
evaluated. Crucial aspects of the design of a simula-
tion framework include, firstly the capability of reli-
ably mimicking the shape and parameters of the ERP
(e.g. number and shape of the components, latencies,
and amplitudes) and the effects of the conditions that
may occur in real practice (e.g. variability, adaptation,
and noise content). An additional value of a simula-
tion framework is its flexibility, i.e. the possibility of
being adapted/extended by other researchers to deal
with problems belonging to a class broader than the
one originally considered. Kiesel and colleagues [13],
for example, created a simulation directly from real
data by introducing a known effect on the latency of
a subset of ERP components (i.e. N1, P3, N2pc, and
P3b) to validate the performance of different tech-
niques estimating the latency onset. Although Kiesel
et al’s simulation approach preserved the character-
istics of a real context, it did not implement expli-
cit solutions to control for factors that commonly
affect an ERP estimate, like EEG background noise.
Other simulation techniques, on the other hand, have
developed specific ERP modeling frameworks [14,
15], which lacked a realistic reproduction of the inter-
trial ERP variability that is commonly observed in
every experiment or did not take into consideration
factors that could corrupt the measurements, like the
level of background EEG noise. These aspects are,
instead, fundamental when simulation is used to val-
idate ERP estimation methods. More sophisticated,
multi-components, and integrated tools to generate
and process the EEG have also been proposed. The
rationale underlying these approaches is to repro-
duce the inner brain sources and the neural connec-
tions that cooperate to generate the evoked ERP. The
definition of this cooperation depends on the specific
process and approach adopted, and requires stud-
ies of connectivity and/or source localization, behavi-
oral analysis, head models, and an accurate physiolo-
gical and psychological knowledge of the brain pro-
cesses involved. The final model is composed by sev-
eral interacting sub-models, each of which simulates
a peculiar component of the chain of mechanisms
yielding the evoked response [16–19]. For example,
Tan and Wyble [19] developed a model of the neural
mechanisms that generate the N2pc component dur-
ing a target localization process. The model was a rep-
lication of the visual system and was composed of
three interconnected layers of neurons with a recept-
ive field getting larger between earlier and later lay-
ers. The first layer represented the early visual area
receiving the input from the environment, the second
the late visual area, and the third the attention map
that corresponded to the brain areas responsible for

visual attention deployment. The activity of each layer
excited a localized group of neurons in the follow-
ing layer until reaching the attention map. The amp-
litude of the ERP was generated at any given time
point in proportion to the number of activated neur-
ons in an underlying cerebral region. In the model,
when a neuron’s membrane potential is excited above
a threshold, the simulated EEG signal shifts away from
baseline, whereas the inhibition of the neuron causes
the EEG to return to baseline. In their work, the
development of this model is preceded by an accurate
psychological study demonstrating that N2pc reflects
neural processes first involved in spatially localizing a
target and then deploying attention to it, rather than
a concomitant interaction between target enhance-
ment and distractor suppression. Lindgren et al [12],
instead, implemented a different approach and cre-
ated a framework, named simBCI, that integrates sev-
eral components, including a head model, a source
generator, and a model of the brain processes, aimed
at creating arbitrary BCI experiments where event
timelines, artefacts, and other parameters can be set
by users from a high level interface. Although these
tools appear to be powerful, it seems extremely long
and complex to generalize them to new cognitive pro-
cesses or components, since a deep physiological and
psychological knowledge of the process to model is
required and not always available.

To overcome the limitations and drawbacks of
the previously presented approaches, in this work
we developed a simulator of ERP signals emulat-
ing the variability present in real experimental data.
We focused on describing the typical modulations of
the N2 and N2pc ERP components elicited in visual
search tasks. In these tasks, participants are required
to search for a laterally displayed target object embed-
ded among distractors while gazing at a central fix-
ation point aligned to the sagittal axis. The success-
ful selection of the target produces modulations in
the N2 parameters [20–23]. The ERP response recor-
ded at parieto-occipital sites (e.g. PO7/8) usually dif-
fers between electrodes located contralaterally (CL)
and ipsilaterally (IL) to the lateral target in the N2
time window, i.e. 200–300 ms (figure 1). Specifically,
CL activity is more negative than IL activity. Con-
sequently, the amplitude of the N2pc, computed by
subtracting the IL ERP response from the CL ERP
response [20, 24], increases indicating the subject’s
allocation of attention to the lateral target. For this
reason, N2pc has been widely employed to study the
mechanisms that guide visual attention in space [25–
27] and in recent years several studies have started
exploring its use in BCI applications [5, 7, 28].

However, N2 and N2pc are characterized by a very
small amplitude (usually smaller than 2 µV), com-
pared with the P3 component, for example. There-
fore, their estimation is more challenging due to
the lower signal-to-noise ratio (SNR) of the meas-
ured signal. A large number of sweeps (Nswp) should
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Figure 1. The N2 component on the contralateral to the target location (red line) is compared to the N2 component on the
ipsilateral location (black line). The N2pc (blue line) is obtained by subtracting the ipsilateral signal from the contralateral one.

(generally) be averaged together to have enough SNR
to estimate reliable effects. In the literature, this value
is however extremely variable, ranging from approx-
imately 60 sweeps [9] to 512 sweeps [29], according
to the personal experience of the investigators or to
values used in previous studies. The a-priori selec-
tion of the most suitable Nswp to provide a reliable
estimate is not a simple task because the ideal Nswp
can depend on several factors, such as the noise of
a given experimental setting, the nature and amp-
litude of the ERP of interest, the expected differ-
ence in amplitude between conditions, the experi-
ment duration, and/or the participant’s fatigue [30].
Previous studies have tried to tackle this important
aspect and put forth approaches for establishing the
minimum Nswp to obtain a stable and reliable estim-
ate of the ERP component of interest. For instance,
in some studies investigating components like the
error-related negativity, the late positive potential,
or the P300 component, the Nswp was determined
based on the logic of producing a ‘high correlation’
between an ERP obtained with relatively few sweeps
and an ERP obtained using more sweeps [31–34]. In a
recent study, Boudewyn and colleagues [35] emphas-
ized that the ideal Nswp should not overlook the stat-
istical power of the estimate, suggesting that it should
be decided after a careful analysis of the noise content
of the data, the sample size, and the amplitude of the
effects other than the stability of the ERP estimate.

In this work, the accuracy of the estimate of the
ERP was evaluated by using a reliable and reprodu-
cible simulation method, where experimental pro-
tocol variables such as the power of the background
EEG noise, the Nswp, and the magnitude of the ERP
were separately modulated. We generated synthetic,
though realistic, ERP/EEG datasets, based on real
experimental data collected from human volunteers,
and used simulation to assess the reliability of the
estimation of the N2 and N2pc components. The pur-
pose of the present study is essentially two-fold: (1)
to propose a novel and simple computer simulation

framework capable of realistically mimicking the
N2/N2pc components and (2) to use synthetic data
to evaluate the accuracy of N2 and N2pc estimation
employing the most used ERP estimation method,
i.e. conventional averaging (CA), when varying the
Nswp and SNR of the data. As far as the first aim is
concerned, the main novelty is that we simulated the
data considering the variability of the N2 component
as estimated on real data and corrupting the record-
ings using real background EEG additive noise meas-
ured in a resting state (RS). As far as the second aim
is concerned, we investigated three synthetic data-
sets with different SNRs (obtained by perturbing in a
controlled way the statistical features of the RS noise
added to each ERP) and evaluated the accuracy of CA
depending on theNswp and the level of SNR. The pro-
posed approach could be easily reproduced, optim-
ized, and extended to protocols designed to explore
ERP components, thus offering a level of flexibility
higher than previously published approaches.

2. Methods

2.1. Design of the proposed simulator
Figure 2 summarizes the steps taken to develop the
present synthetic scenario. The block diagram in fig-
ure 2 will be used throughout the forthcoming sec-
tions as a roadmap to describe the various passages
for the generation of the present synthetic framework,
each of which will be referenced in the correspond-
ing section using the box labels ‘A’ to ‘I’ for brevity.
To simulate a realistic EEG dataset acquired during a
visual search task, we deemed of critical importance
to first evaluate the real variability of the elicited N2
component across participants and estimate a com-
mon template for the ERP. To this aim, the variabil-
ity of the N2/N2pc components was estimated using
a real EEG dataset collected from participants per-
forming in a visual search task designed to elicit an
N2/N2pc response.
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Figure 2. Block diagram of the proposed approach to simulate a realistic visual search dataset eliciting lateralized modulations of
the N2 ERP component under variable SNR conditions. CA = conventional average; GA = group average; RS = resting state.
Blocks ‘A’ to ‘I’ are referenced in the text to illustrate the corresponding mathematical routine.

We then created a synthetic noise-free dataset that
emulated the real variability of the N2 component. An
RS EEG noise was then added to the noise-free dataset
controlling the range of the resulting SNR, by modu-
lating the noise amplitude with multiplicative factors.
By doing so, we created three synthetic noisy scen-
arios, with different SNRs, to simulate possible exper-
imental conditions achieved with different paradigms
and in different laboratories.

2.1.1. Participants and procedure.
Fourteen healthy participants (mean age 23.2 ± 2.1
years, 5 males) took part in an experiment employing
a common visual search paradigm eliciting lateral-
ized modulations of the N2 component due to atten-
tion deployment to lateral targets embedded among
distractors. All subjects had normal or corrected-to-
normal vision. The experiment lasted about 40 min
and was divided into several blocks. Each trial was
started with a spacebar press, so as to allow parti-
cipants to take short breaks throughout the experi-
ment to attenuate effects induced by physical and/or
mental fatigue. The study was approved by the ethical
committee of the University of Padova.

An example of the stimuli and a schematic illus-
tration of the sequence of events on each trial of the
visual search paradigm are illustrated in figure 3.

Each trial began with the presentation of a cent-
rally displayed fixation cross for 750–950 ms (ran-
domly jittered in 50 ms steps), followed by the
presentation of the visual search array for 150 ms.
Each visual array was composed of 12 white circles
regularly spaced around a notional clock face with a
ray of 2.5◦ of visual angle. The visual array was dis-
played against the black background of a 25′′ CRT
computer monitor with a 60 Hz refresh rate, at a view-
ing distance of approximately 60 cm. A white bar was
presented inside each circle, which could be tilted or
vertical with equal probability. One of the circles—
the target circle—was blue, and was positioned in
one -third of trials either above or below fixation (i.e.
aligned to the sagittal midline), or in one of the lat-
eral positions in the remaining two -thirds of the tri-
als, with equal probability to the left or right of central
fixation. The  participants had to report the orient-
ation of the bar within the target circle by pressing
one of two keys on the computer keyboard (i.e. ‘1’
or ‘2’), using the index or middle finger of their right
hand, respectively. The maximum time for respond-
ing was 1500 ms. The  participants were instructed to
keep their gaze centrally fixated throughout each trial
and to respond as fast and accurately as possible. Each
participant ran through 600 trials, namely, 400 tri-
als with lateral—left or right—targets, and 200 trials
with midline targets.
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Figure 3. Design of the experimental paradigm to elicit the N2. Each trial began with the presentation of a centrally displayed
fixation cross for 750–950 ms (left panel), followed by the presentation of the visual search array for 150 ms (central panel). The
array was composed of 12 white circles regularly spaced around a notional clock face. A white bar, either tilted or vertical, was
presented inside each circle. One of the circles, the target one, was instead blue. After the visual search array disappeared, the
participants had 1500 ms to report the orientation of the bar inside the target circle, while viewing a black screen with the central
fixation cross (right panel).

2.1.2. Data acquisition.
The EEG data was acquired from 28 scalp elec-
trodes positioned on an elastic cap according to the
international 10–20 system. Three additional elec-
trodes, placed at the outer canthi and below the left
eye, were used to register horizontal (HEOG) and ver-
tical (VEOG) eye movements. The EEG activity was
amplified and digitized at a sampling rate of 500 Hz,
referenced to the activity recorded on the left earlobe,
and then re-referenced offline to the average of the left
and right earlobes electrodes [36, 37].

2.1.3. EEG data pre-processing.
The EEG data were analyzed with a standard pre-
processing pipeline using ‘EEGLAB’ (version 14.1.2,
MATLAB version 2017b, The MathWorks, Natick,
2017) [38]. The data were band-pass filtered (filter
bandwidth of 0.1–30 Hz), and only the signals from
the channels of interest (i.e. P7 and P8) were selec-
ted for the subsequent analyses [25, 39–42]. The con-
tinuous EEG was segmented in sweeps starting at 200
ms before the visual array onset and ending 1000 ms
after to largely include the typical time window of
the N2/N2pc components, i.e. about 200–300 ms [20,
27]. Epochs were baseline corrected using the aver-
age activity in the time interval starting from −200
ms and the visual array onset. The VEOG channel
was computed as the difference between Fp1 and
the electrode below the left eye, since blink episodes
more strongly affect the frontal sites [41, 43, 44].
The HEOG channel was computed as the subtrac-
tion of the two electrodes placed at the outer canthi.
Sweeps with artefacts (eye blinks exceeding 20 µV
in the VEOG channel, saccades exceeding 50 µV in
the HEOG channel, or muscular artefacts exceeding
60 µV in all other channels) were excluded. Sweeps
associated with incorrect responses were discarded, as
well as sweeps associated with midline target sweeps.
The remaining sweeps were divided according to the
target side, i.e. into right-target (RT) and left-target
(LT) sweeps, to divide the contribution of CL and IL
scalp sites (e.g. for RT sweeps, the elicited CL activity

is measured at P7, whereas the IL is measured at
P8). This subdivision created four groups of sweeps,
hereafter labeled as P7R, P7L, P8R, and P8L. In this
example, the label P7R refers to the sweeps meas-
ured at P7 when right targets were presented. A mean
of about 100 sweeps was available for each parti-
cipant and condition, ranging from a minimum of 23
sweeps (subject n◦1, RT condition) and a maximum
of 176 sweeps (subject n◦3, LT condition). The aver-
aged ERPs were computed for each group of sweeps
and participant (figure 2, block A).

2.1.4. Design of the ERP template.
For each group, a grand-averaged (GA) ERP was
obtained by averaging the individual mean ERP val-
ues across participants (figure 2, block B). The GA
ERP was used to build the ERP template. A Gaussian
mixture model (GMM) was used to fit the GA ERP of
each group (figure 2, block C), as already employed
for this purpose [14, 15, 45, 46]. The flexibility of this
model allows for a suitable fit of the peaks and val-
leys typical of ERP morphology [47, 48]. The only
user-selected parameter of the model is the number
of Gaussians. As the visual cognitive ERP is expec-
ted to be composed of at least five components (i.e.
the positive P1, P2, and P3 and the negative N1 and 
N2) [47], a minimum of 5 Gaussians should be used
in the model to fit these oscillations. Therefore, the
GMM was fitted to the GA ERP using either 6, 7,
or 8 Gaussians. The best-fitting model was selected
based on the Akaike information criterion [49]. Data
fitting was conducted using a literature-guided prior
analysis of the expected position of the ERP voltage
deflections [48]. The MATLAB lsqnonlin function was
used to implement a non-linear least squares estima-
tion of the model parameters. The best-fitting model
was the 7-GMM, where 5 Gaussians captured the typ-
ical main ERP components, as expected from prior
studies, whereas the last two fitted the tail of the ERP
(figure 4(a)). Four different models (hereafter named
templates) were obtained after fitting the RT/LT ERP
of P7 and P8 (see figure 4(b)).
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Figure 4. Illustrative steps to build realistic synthetic sweeps with variability in the N2 range. (a) Colored lines represent the
individual average ERPs of the 14 subjects; the solid black line indicates the GA, while the dash-dotted red line is the fitted
7-Gaussian mixture model (GMM). These exemplary ERPs refer to the P7R group. (b) Resulting GMMs of the four groups.
Colored boxes indicate the main expected components of the visual ERP, i.e. P1, P2, P3, N1, and N2. (c) Examples of how the N2
peak was identified from averaged ERPs of two representative participants. (d) Example of a few sweeps generated by perturbing
the GMM derived from P7R data to generate a controlled variability of the P2/N2 component.

2.1.5. Realistic noise-free dataset of a visual search
paradigm.
The four templates were first employed as an aid
to estimate the variability of the N2 component
in the real dataset, and then as models to be per-
turbed (in the N2 time range) to create the syn-
thetic sweeps. Individual average ERPs of each group
were fitted with the corresponding 7-GMM model to
obtain a cleaner and more reliable estimate of the N2
peak amplitude and latency (figure 4(c) depicts two
examples). For each fitted individual model, the max-
imum and minimum peak and the latency in the 200–
300 ms time window were estimated (corresponding
to the P2 and N2 components of the visual ERP; fig-
ure 2, block D).

Subsequently, the four templates were employed
to create the synthetic noiseless sweeps. To generate
many single sweeps with intra-individual variability
in the N2 time range, two further and randomly per-
turbed Gaussians were added in the 200–300 ms time
range of each template. The first Gaussian peak was
positive and generated variability of amplitude and
latency of the P2 component, while the second peak
was negative and generated variability of amplitude
and latency of the N2 component. Each template was
used to generate more than 500 different sweeps (fig-
ure 2, block E). The variability of the N2 component
was controlled so as to fit with the variability in the
real dataset (figure 4(d)).

To recreate a standard dataset measured during a
visual search experiment (i.e. both P7 and P8 signals),

the synthetic single sweeps generated from each tem-
plate were arranged to form three subsets differing in
the N2 relative amplitude between CL and IL signals,
hereafter labelled as S1, S2, and S3 (figure 2, block F).
As a reminder, CL sweeps are those recorded at P7
for RT trials and those recorded at P8 for LT trials,
whereas IL sweeps are the opposite. The sweeps of S1
matched the expected standard situation of N2CL <
N2IL, whereas those of S2 and S3 reproduced unex-
pected yet possible situations, namely N2CL > N2IL

and N2CL ≈ N2IL, respectively. A further complexity
of the simulated dataset was the requirement of main-
taining an internal consistency not only within each
channel concerning the N2 amplitude for CL and
IL sweeps (e.g. for S1, within P7, RT sweeps should
have a more negative N2 than LT sweeps), but also a
between-channel consistency (e.g. for S1, the chan-
nel CL to the target visual hemifield should present
a more negative N2 relative to the IL channel). These
subsets were organized to contain a pool of random
sweeps that respected the imposed conditions on the
CL and IL N2 amplitudes, both between and within
channels. The random merging of these subsets gave
rise to the noiseless synthetic dataset (figure 2, block
G). At this stage, the number of simulated sweeps, as
well as the percentage of sweeps randomly extracted
from these subsets were user selected. In this illustrat-
ive study, we simulated 14 participants. For each of
them, we created a synthetic noise-free recording of
200 sweeps, equally divided into RT and LT sweeps,
for both channel P7 and P8. For each participant, 70
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± 3% of the sweeps were randomly selected from S1,
15 ± 3% from S2, and 15 ± 3% from S3.

2.1.6. Noisy datasets with a controlled SNR.
The spontaneous EEG noise was generated based
on RS recordings of two participants whose data
were not part of the initial dataset. These data were
acquired using the same experimental setup described
in section 2.1.1, while participants were staring at
a black screen for 5 min. The same pre-processing
pipeline described in section 2.1.3 was applied to the
RS recordings for all the 28 available scalp channels.
The pre-processed signals were segmented to create a
noise matrix containing sweeps lasting 1.2 s, the same
length as the simulated sweeps.

To introduce variability in the noise power, the
amplitude of all the RS sweeps was modulated by
multiplying the matrix by five scale factors, i.e. 0.25,
0.5, 0.75, 1, and 1.25, thus obtaining five different
noise matrices (figure 2, block H) [14, 50]. All the
resulting noise sweeps were then sorted by increas-
ing order of power. Noise sweeps with power lower
than 1 µV2 or higher than 300 µV2 were discarded, as
they were considered either unrealistic, or corrupted
by long drifts or eye blinks [51].

Afterwards, the obtained sweeps of spontaneous
EEG noise were summed to the noiseless sweeps of
each participant, assuming an additive measurement
model [14, 15, 45, 50, 52]. Three datasets were created
from the same noise-free recordings of the 14 simu-
lated subjects, by adding the EEG noise at different
SNRs in each dataset (figure 2, block I). The SNR of
the ith sweep was computed in a time window includ-
ing the N2 component (i.e. 190–330 ms), as the ratio
between the power of the noise-free ERP (ui) and the
power of the background noise (vi) [14, 45, 53], as
shown in equation (1):

SNRi =
PN2(ui)
PN2(vi)

, for i= 1 : 100, (1)

wherePN2 indicates the power of the signal, computed
as the mean of squares of the data points in the N2
time window.

The noise sweeps were randomly and iteratively
selected from the generated noise matrix, while con-
trolling the SNR of the resulting sweep to be con-
stantly within the range selected for that dataset. In
this study, the three selected SNR ranges were: [0–
0.4], [0.4–0.8], and [0.8–1.2]. For each simulated
dataset, the signals were then pre-processed using the
same pre-processing pipeline used for real data (see
section 2.1.3).

The choice of the three SNR ranges was driven
by the evaluation of the SNR distribution of the N2
component on the real dataset, using equation (1).
In particular, the power of the useful signal in the
numerator was estimated from the model fitted on
the individual average ERP considering the N2 time
range, whereas the power of each non-modulated RS

sweep computed in the same time range was con-
sidered for the denominator, to obtain a raw distri-
bution of the possible SNR values on real data. The
estimated SNR distribution in the N2 time window
resulted in a median of 0.18 (0.06–0.5, 25th–75th
percentiles, respectively), with the lowest and highest
adjacent values of 8 × 10−4 and 1.12, respectively.

2.2. Use of the simulator to assess the accuracy of
average N2/N2pc components estimation
We used the three SNR-controlled datasets to assess
the performance of the most basic and popular
method employed to estimate the ERPs related to the
cognitive processes evoked by visual external cues, i.e.
CA. We evaluated the CA on the recovery of the N2
and N2pc components, while varying both the num-
ber of sweeps accounted for in the average compu-
tation (Nswp) and their SNR content. The Nswp was
varied from 10–100 with a step of 10 sweeps at a time
to evaluate the minimum number of sweeps required,
for each SNR, to reliably estimate the N2/N2pc com-
ponents.

Five standard metrics were employed to assess the
performance of CA on the estimate of the N2 com-
ponent, and one was employed for the assessment
of the N2pc waveform: the deviation of the absolute
mean around the N2 peak (dMaP) from a reference
value, the mean absolute error in the N2 peak amp-
litude (AEa) and latency (AEl) estimates, the percent-
age error in the recovery of the average N2 compon-
ent (Eave), and the percentage error in the recovery
of the average N2pc (EN2pc). The mean around the
peak (MaP) was computed as the mean value of each
individual average ERP around the N2 peak position
(±10 ms; peak latency estimated from noiseless GA).
Then, the dMaP was computed for each of the 14
participants, each value of the Nswp (N) and each
channel-target side condition as follows:

dMaP(N)i = |MaPi
(N) −MaPGA| , (2)

where MaPGA is the true mean around the peak com-
puted on the GA of all the 100 individual simulated
noiseless sweeps of each data group (considered as
the gold standard for the error), and MaPi

(N) is the
mean around the N2 peak computed for the ith sub-
ject usingN sweeps (forN = 10:10:100). The absolute
errors in the estimate of the N2 peak amplitude and
latency were computed, for each participant and each
channel-target side condition, as follows [14, 15, 53]:

AEa
(N) =

∣∣∣Â(N)
i − Ai

∣∣∣ , (3)

AEl
(N) =

∣∣∣L̂(N)i − Li
∣∣∣ , (4)

where Ai and Li are the true peak amplitude and
latency values obtained by averaging all the 100
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Table 1. Comparison between the real and simulated ranges of the N2 amplitude and latency values for the four data groups (i.e. P7R,
P7L, P8R, and P8L). Bold-faced numbers indicate median values, whereas minimum and maximum values are in square brackets.

P7R P7L P8R P8L

Amplitudes (µV)

True Sim True Sim True Sim True Sim
−2.65 −2.45 −1 −0.91 0.16 0.14 −0.33 −0.82
[−4.9,2.3] [−5.4,1.7] [−2.9,4.0] [−4.0,2.1] [−3.7,2.7] [−4.6,3.0] [−3.4,2.7] [−3.7,2.9]

Latencies (ms)

True Sim True Sim True Sim True Sim
256.9 257.7 262.3 260.1 286.5 286.7 274.6 273.4
[230.1,320.2] [227.2,297.9] [245.4,326.0] [242.3,294.1] [222.5,323.0] [227.7,310.3] [223.9,307.0] [221.1,299.7]

Figure 5. Three representative single noisy sweeps taken from each simulated SNR dataset; the shaded area indicates the typical
N2 time window, while the black-dashed line is the noise-free synthetic signal from which the three noisy sweeps originated.

individual simulated noiseless sweeps of each data
group (considered as the gold standard for the error),
respectively, whereas Âi and L̂i are the peak amplitude
and latency estimates obtained by averaging the cor-
responding N noisy sweeps while varying N as pre-
viously described, respectively. The N2 peak of each
noisy ERP was identified by fitting the average wave-
form with the corresponding GMM model to filter
out the remaining noise and obtain a smoother pro-
file. Then, the peak was identified as the local min-
imum in the N2 time window and checked by visual
inspection.

The percentage of overall error to recover the
average signal [15] was computed in the N2 time
range as:

E(N)ave =
||ū(t)(N)−u(t)||2

||u(t)||2 × 100, (5)

where ū is the CA ofN noisy sweeps, and u is the aver-
age of the 100 corresponding noise-free sweeps, i.e.
the gold standard signal.

The error on the recovery of the N2pc (E(N)N2pc),
obtained as the difference in the signal between CL
and IL to the target activities, was additionally eval-
uated, as is standard in the literature [20–22]. The
procedure is the same as that explained for the N2
(see equation (5)), but here the recovery of a differ-
ent waveform, the N2pc, was evaluated while main-
taining the same time window.

3. Results

3.1. Implementation of the simulator
3.1.1. Generation of single noise-free sweeps.
Table 1 reports, for all four groups, the median and
the range of the N2 amplitude and latency values, for
both the synthetic sweeps used to create the noise-
free recordings and the real sweeps. A Mann–Whitney
U-test did not reveal any significant statistical differ-
ence among the distributions of the N2 parameters
estimated from the true vs. synthetic sweeps for each
channel-target side group (min p > 0.1).
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Figure 6. (Upper panel) First five noiseless sweeps (solid blue line) compared to the corresponding noisy ones (gray line) of a
representative P7 synthetic recording already divided into epochs (magenta vertical lines) taken from the middle SNR dataset.
Yellow diamonds indicate RT sweeps, while light blue circles the LT. Note that the main difference between the two targets is in the
relative amplitude of the N2 component between P7 and P8 sweeps. (Lower panel) Representative sweeps of the corresponding P8
recording.

3.1.2. Generation of datasets with a controlled SNR.
Figure 5 shows three representative sweeps taken from
each SNR dataset, superimposed to the correspond-
ing noiseless signal (black -dashed line). The mean
SNR values [meanSD] across subjects and groups for
every dataset were 0.25 [0.10], 0.6 [0.12], and 0.99
[0.12], respectively. Figure 5 makes apparent, in the
N2 time range, the substantial differences determined
by the level of the noise between the three SNR data-
sets.

3.1.3. Creation of P7 and P8 noisy recordings.
Single-simulated sweeps with variability in the N2
component were arranged to create synthetic noisy
recordings of 14 participants for both the P7 and P8
electrodes, with 200 sweeps each and two target con-
ditions occurring at random. Finally, three datasets
corrupted by noise but differing in their SNRs were
created, as described in the previous section. Figure
6 shows the first five sweeps of P7 and P8 simulated
recording (upper and lower panel, respectively) for a
representative subject and SNR dataset. In each panel,
the original noise-free sweeps (solid colored line) are
compared with the resulting noisy sweeps in the back-
ground (gray line).

3.2. Accuracy of average N2/N2pc component
estimation
3.2.1. dMaP.
The group average results of the dMaP are repor-
ted in figure 7, divided according to SNR (from
left to right with increasing SNR range), Nswp, and

channel-target side. The overall error values decrease
significantly as the SNR range increases, and within
each SNR range as the number of sweeps considered
in the average increases from 10–100. In the worst
SNR case, the dMaP is reduced from 1.3 µV (aver-
age across channel-target side groups) achieved using
only 10 sweeps to 0.4 µV when using all the avail-
able sweeps. In the dataset with the SNR in the middle
range, the AEa decreases from a mean of 0.85 µV with
10 sweeps to 0.2µV with 100, whereas in the high SNR
dataset, the error decreases from 0.65–0.15 µV when
considering 10 and 100 sweeps, respectively.

To individuate the minimum number of sweeps
required in each SNR condition to obtain a reliable
estimate of the N2, we statistically analyzed the distri-
bution of the error across the Nswp and SNR ranges.
Individual values of the dMaP were submitted to
a repeated-measures analysis of variance (ANOVA)
[54] with the Nswp (from 10–100), Electrode (P7 vs.
P8), and Target Side (right vs. left) as within-subject
factors, and with SNR (low, middle, and high) as a
between-subjects factor. A Greenhouse–Geisser cor-
rection was applied when appropriate [55]. All stat-
istical analyses were conducted in Rstudio [56]. The
ANOVA revealed the expected significant main effects
of the SNR (F(2,39) = 29.6, p < .001) and the Nswp
(F(9, 351) = 115.9, p < .001), as well as the statistic-
allysignificant interaction SNR× Nswp (F(18,351) =
3.3, p < .05). Posthoc comparisons with a false dis-
covery rate (FDR) control for multiple comparisons
revealed statistically-significant differences among all
the datasets (min t(559) = 5.96, all ps < .001).

9



J. Neural Eng. 17 (2020) 036024 F Marturano et al

Figure 7. Colored maps of the dMaP for different SNR and the Nswp levels; values in each cell are averaged across subjects.

Figure 8. Distribution of the dMaP for different values of the Nswp in the three SNR datasets (panels from left to right refer to
increasing SNR range, respectively). Inside each panel, the black arrow indicates the last value of the Nswp that was significantly
different from the value of the dMaP at 100 trials in the same dataset, according to the t-tests. Gray arrows indicate the last value
of Nswp in the first two datasets showing a significant difference from the error at 100 in the best SNR case. Note that for the
latter, black and gray arrows were coincident.

Furthermore, to evaluate the influence of the
Nswp on the N2 estimation accuracy, Welch’s t-tests
were conducted inside each SNR-controlled dataset.
Data were averaged across all channel-target groups
to consider only the influence of varying the Nswp on
the overall error. The t-tests were conducted to estab-
lish when (from 10–90 sweeps) a statistically signi-
ficant increase in the error value was detected, com-
pared with the gold standard for each dataset (i.e.
the average of the 100 sweeps). On the assumption
that a statisticallysignificant increase in the error term
implies that using fewer sweeps significantly deteri-
orates the estimate, we hypothesized that the level
at which such a statisticallysignificant difference was
detected corresponded to the minimum number of
sweeps required for an N2/N2pc estimate as reliable
as when having at least 100 sweeps within each SNR
range. In figure 8, the boxplot representation of the

error distribution across participants and channel-
target groups is reported for each value of the Nswp,
and separately for the three SNR-controlled datasets.
Within each panel, the black arrow indicates the last
value of the Nswp that still resulted in a statistic-
ally significant difference (p < .05) from the refer-
ence value at Nswp= 100 when considered inside the
dataset.

The previous analysis compared the error val-
ues only within each single SNR dataset. To consider
the SNR value of the dataset as well, we conducted
additional t-tests following the exact same scheme
described before. However, as the gold standard for
all datasets, we imposed the error value at Nswp =
100 in the dataset with the highest SNR, which can be
considered as the best-case scenario. The gray arrow
in figure 8 indicates the last value of theNswp that was
significantly different from the value atNswp= 100 in
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Figure 9. Colored maps of the absolute error in the estimation of the N2 peak parameters for the three SNR datasets (from left to
right), each group (vertical cells) and value of the Nswp (horizontal cells). The top panels are related to AEa while the bottom
panels to AEl. Values inside each cell are averaged across subjects.

the highest SNR dataset (all ps < .05). For example, if
we consider the panel with low SNR values, the last
significant difference from the corresponding aver-
age of 100 sweeps was found at 50 sweeps, but with
respect to the best-case scenario, it would be at 100
sweeps, suggesting that further improvements in the
estimate would be possible if the user could reduce the
background noise (and therefore increase the SNR).

3.2.2. Absolute error in the N2 peak amplitude and
latency estimates (AEa and AEl).
The statistical analysis applied to the dMaP was
repeated for the absolute error in the estimation of
the N2 peak amplitude (figure 9, top panels) and
latency (figure 9, bottom panels). The results for these

metrics replicated those obtained with the dMaP,
with the overall error values showing a significant
decrease as the SNR range and the Nswp increased.
In the worst SNR case, the AEa was reduced from 1.3
µV (average across the channel-target side groups)
achieved using 10 sweeps to an average of 0.4µV when
using all the 100 available sweeps. In the dataset for
the middle SNR, the AEa decreased from a mean of
0.9 µV with 10 sweeps to a mean of 0.2 µV with 100,
whereas in the best SNR dataset, the error decreased
from approximately 0.7–0.2 µV. Similar conclusions
could be drawn for theAEl, where the maximum error
value was, however, fairly contained at approximately
7 ms. In particular, on average across subjects, under
low SNR conditions, the AEl decreased from a mean
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Figure 10. Distribution of AEa (top panels) and AEl (bottom panels) for different values of the Nswp and SNR range (panels from
left to right refer to increasing SNR range, respectively). Within each panel, the black arrow indicates the last value of the Nswp
revealed as statistically significant with respect to the error at Nswp= 100 inside the same dataset. Gray arrows indicate the last
value of the Nswp statistically significant from the best-case scenario (i.e. the error at Nswp= 100 in the high SNR dataset). Note
that for the high SNR, black and gray arrows were coincident.

of approximately 4.8–2.2 ms with 10 and 100 sweeps,
respectively, in the middle SNR range from approx-
imately 5.4–1.4 ms, and in the high SNR range from
approximately 4.4 –1.2 ms.

Individual AEa and AEl values were submitted,
separately, to a repeated-measures ANOVA. Similar to
the case of the dMaP, the results revealed the expected
significant main effects of the SNR (F(2,39) = 29.97,
p < .001 for AEa; F(2,39) = 5.44, p < .05 for AEl) and
Nswp (F(9, 351) = 105.31, p < .001 for AEa; F(9, 351)
= 57.84, p < .001 for AEl). In addition, on the lat-
ter, a statistically significant effect was also found for
the Electrode factor, with a higher error, on average,
for P7 (F(1,39) = 13.44, p < .001). A further ANOVA
performed separately for each SNR scenario revealed
that this higher error for AEl at P7 was present only in
the low SNR scenario, where the ERP is highly embed-
ded in the background noise. For AEa, we also found
statistically significant interactions for SNR × Nswp
(F(18,351) = 3.02, p < .001) and Electrode × Side
(F(1,39) = 4.19, p < .05), whereas for AEl, the sig-
nificant interactions were Electrode × Side (F(1,39)
= 5.19, p < .001), Electrode × Nswp (F(9, 351) =
3.31, p < .05), and SNR × Electrode × Side × Nswp
(F(18,351) = 2.85, p < .05).

Again, post hoc comparisons revealed statistic-
ally significant differences among all the datasets for
both AEa (min t(559) = 6.75, all ps < .001) and AEl
(min t(559) = 3.06, all ps < .05). Figure 10 reports
the results of the Welch’s t-test comparisons within

each SNR-controlled dataset, with the aim of identi-
fying the minimum number of sweeps yielding a stat-
istically significant difference with the error at 100
sweeps. For AEa, the t-test identified 60 sweeps as
the minimum value to improve the error within each
SNR dataset (with respect to the corresponding value
of 100 sweeps). Then, further t-tests were conducted
on the low and middle SNR datasets by comparing
the error at each Nswp with the best-case scenario
(namely, 100 sweeps in the high SNR dataset). The
 results revealed that for the low SNR case, all sweeps
would be necessary to have an error comparable with
that of the best case, whereas for the middle SNR case,
more than 70 sweeps would be required to achieve
further improvements.

The same analysis of theAEl showed that the min-
imum values of the Nswp on the three datasets would
be 40, 60, and 50, for the low, middle and high SNR,
respectively, with possible improvements in the low
SNR dataset only, if the SNR could be theoretically
enhanced. The boxplot representation of the error
distribution (considering results averaged across par-
ticipants and channel-target side groups) is reported
in figure 10 (upper panels for AEa and lower panels
for AEl), for each value of the Nswp and the SNR.

3.2.3. Error in the recovery of the average N2 (Eave).
The accuracy of the average ERP in the N2 time range,
estimated from the noisy recordings compared with
the corresponding average noiseless ERP (i.e. the gold
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Figure 11. Colored maps of Eavefor different SNR and Nswp levels; the values in each cell are averaged across subjects.

Figure 12. Distribution of Eave for different values of Nswp and SNR (panels from left to right refer to increasing SNR range,
respectively). Within each panel, the black arrow indicates the last value of the Nswp revealed as statistically significant with
respect to the error at Nswp= 100 inside the same dataset. Gray arrows indicate that the last value of the Nswp is statistically
significant from the best-case scenario (i.e. the error at Nswp= 100 in the high SNR dataset). Note that for the high SNR, black
and gray arrows were coincidental.

standard), was additionally assessed for each value
of the Nswp and the SNR (figure 11). The error in
the recovery of the N2 component resulted in lar-
ger values in poor SNR conditions (i.e. SNR < 0.4),
and when only 10 sweeps were considered in the
average, with some data groups achieving Eave values
higher than 100%. The increase of the Nswp up to
100 significantly lowered the error (<15% on aver-
age across groups). In the middle SNR dataset, the
error was smaller, ranging from approximately 50%
with 10 sweeps to 4% with 100 sweeps (on aver-
age). In the highest SNR dataset, the error was further
reduced compared with the other two datasets, ran-
ging from approximately 30% to approximately 2% as
the Nswp increased. The error values were submitted
to a repeated-measures ANOVA. The error differed
between both the SNR (F(2,39) = 28.94, p < .001)

and the Nswp (F(9, 351) = 82.6, p < .001) factors,
and post hoc comparisons of SNR values revealed sig-
nificant differences among all datasets (min t(559)
= 6.61, all ps < .001). Furthermore, the interactions
of SNR × Nswp and Electrode × Nswp were sig-
nificant (F(18,351) = 7.94, p < .001 and F(9, 351)
= 3.31, p < .05, respectively). Welch’s t-tests were
applied to each SNR dataset to investigate whether
significant differences across errors were present in
the Nswp levels. Here, the first t-test identified the
value of 50 as the most conservative Nswp value to
obtain a significant improvement with respect to the
highest Nswp value in each dataset. The second t-test,
which used the gold standard in the best SNR scen-
ario, revealed the values of Nswp= 60 and Nswp= 50
in the low and the middle SNR datasets, respectively
(figure 12).
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Figure 13. Colored maps of EN2pc for different SNR ranges and Nswp levels; the values in each cell are averaged across subjects.

Figure 14. Distribution of EN2pc varying the Nswp for the three SNR datasets (panels from left to right refer to increasing SNR
range, respectively). Black arrows indicate the last value of the Nswp that was significantly different from the value of EN2pc at 100
trials in the same dataset, according to the t-test. Gray arrows indicate the last value of the Nswp in the first two datasets that was
significantly different from the error at 100 in the high SNR dataset. Note that for the latter, black and gray arrows would be
coincident.

3.2.4. Error in the recovery of the average N2pc (EN2pc).
For the sake of completeness, the same estimate of
error obtained in the recovery of the average N2 was
computed for the difference in waveform, i.e. the
N2pc, obtained from the subtraction between the
average CL and IL N2 signals. The global results are
shown in figure 13, where, within each SNR-related
panel, the vertical cell refers to the CL/IL differ-
ence computed between the P7/P8 channels accord-
ing to target position. For the N2pc, the recovery error
reduces as the SNR of the data in the N2 time range
improves and the Nswp increases, with higher error
values observed in the lower SNR dataset and with
10 sweeps, as expected. In the lower SNR dataset,
the error on average across subjects decreases from
approximately 200% to approximately 35% with 10
and 100 sweeps, respectively, whereas the error in
the middle SNR dataset decreases from approximately

100%–6.5%, and in the highest SNR dataset from
approximately 60%–7%.

The ANOVA was applied to the data with the
Nswp (from 10–100) as the within-subject factor and
the SNR (low, middle, and high) as the between-
subject factor. The results revealed significant dif-
ferences in the data for the SNR (F(2,39) = 5.77,
p < .05) and Nswp (F(9, 351) = 10.28, p < .001)
factors. Post hoc comparisons with an FDR adjust-
ment revealed significant differences between the low
and middle SNR datasets (t(139) = 4.2, p < .001) and
between the low and high SNR datasets (t(139) = 5.2,
p < .001), whereas no significant difference emerged
between the middle and high SNR cases. Additional
t-tests were conducted within each dataset to find at
which Nswp there was a significant increase in the
recovery error compared to the gold standard. The
black arrows in the boxplot representation of figure
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14 point at the results of the Welch’s t-tests inside the
same dataset, whereas the gray arrows indicate the
results of the second round of t-tests that identified
further possible error improvements with respect to
the best SNR case.

3.2.5. Generalization of the outcomes of the entire
sample of subjects.
To verify whether the distribution of each error metric
at the different Nswp was homogeneous among sub-
jects and confirm the generalization of the outcomes
to the entire sample, Levene’s test on the equality of
variances was applied to the outcomes [57]. The pro-
cedure was the same as the Welch t-tests whereby a
comparison among error distributions correspond-
ing to Nswp < 100 and the reference at Nswp =
100 was performed for each error metric. If the vari-
ances were found to be unequal, the validity of the
recommended Nswp could be affected. Levene’s tests
showed that inside each individual SNR dataset—for
all metrics and SNR scenarios except dMaP in the low
SNR—only the error variance atNswp= 10 and /or 20
was significantly different (p < .05) from the reference
(1st Levene’s test). When comparing errors against
the best SNR scenario (2nd Levene’s test), for the low
SNR dataset, AEa and Eave showed error distributions
with significantly different variance (p < .05) from the
reference at Nswp = 10, 20, and 30, AEl and dMaP at
Nswp = 10 and 20, and EN2pc at Nswp = 10. For the
middle SNR, instead, Nswp = 10 for all metrics, and
Nswp= 20 for Eave and EN2pc, were different from the
reference variance. These results suggest that the error
distributions corresponding to the minimum Nswp
recommended for each metric and SNR are homo-
geneous across the 14 subjects and, therefore, that our
results could be generalized to the entire sample.

3.2.6. Summary of the main results.
Table 2 summarizes the minimum values of the Nswp
as a function of the tested metric and SNR scen-
ario. The top three rows of table 2 report the res-
ults of the 1st Welch’s t-test when the error distri-
butions at each Nswp < 100 and Nswp = 100, inside
each SNR scenario and error metric, were compared.
The bottom three rows of the table report the results
of the 2nd Welch’s t-test when error distributions at
Nswp < 100 were compared to the best-case scenario,
namely, Nswp = 100 in the high SNR dataset. Not
surprisingly, the results for the best SNR scenario are
identical in the two t-tests because this scenario was
taken as a reference in the 2nd t-test. When collect-
ively taken, the results show that the minimum num-
ber of sweeps differs among error metrics, being par-
ticularly low for the N2pc (i.e. about 20–30 sweeps,
depending on the SNR of the data). This could be
due to the fact that the N2pc, that is a difference in
ERP component resulting from the subtraction of two
N2 waves, is totally embedded in the spontaneous
EEG activity and its reliable detection is definitely

Table 2. Summary of the main results for each error metric and
SNR scenario. The values reported in the table represent the lower
bound of the Nswp to achieve a statistically significant lower error
with respect to the reference value used for each Welch’s t-test
comparison.

SNR range dMaP AEa AEl Eave EN2pc

SNR Є [0.1–0.4] >50 >50 >30 >40 >10
SNR Є [0.4–0.8] >50 >50 >50 >40 >201st t-test
SNR Є [0.8–1.2] >40 >50 >40 >40 >20

SNR Є [0.1–0.4] >100 >100 >100 >50 >10
SNR Є [0.4–0.8] >60 >70 >50 >40 >202nd t-test
SNR Є [0.8–1.2] >40 >50 >40 >40 >20

more challenging than the N2 itself, independently
of the Nswp. In this vein, the results suggest that, for
the N2pc, it is not worth acquiring more than 20–30
sweeps in an experiment with comparable conditions.
Exceeding this value, in practice, does not entail any
substantial improvement in the final estimate of the
average ERP component. Depending on the aim of
their investigations, users should therefore choose an
Nswp based on their will to control a specific error or
make a trade-off among them.

4. Discussion

The main result of the present work is that, although
the SNR strongly influences the decision on the min-
imum number of necessary sweeps for a given SNR
(as expected), no significant improvements in the
estimate of the N2 and N2pc could be achieved, in
each SNR scenario, beyond a certain value of Nswp
(denoted by the black arrows on the boxplots in fig-
ures 8, 10, 12, and 14). This result suggests that back-
ground noise is not further suppressed by increas-
ing the Nswp beyond the minimum values repor-
ted herein. This should allow researchers to reduce
the length of their experiments and the influence
of additional (and subject-dependent) noise sources
that could typically arise when long experiments are
carried out, e.g. fatigue. However, if researchers wish
to test this experimental circumstance, a manipula-
tion of the SNR could be employed to generate syn-
thetic recordings accounting for fatigue effects. Intu-
itively, when fatigue emerges, the SNR of the data
should worsen throughout the experiment because of
a decrease in the ERP power. Modeling the decline of
the SNR over time could be a promising avenue for
a further refinement of the presently proposed simu-
lator.

Our results should guide the data acquisition
process when CA is going to be applied to estim-
ate the N2/N2pc components. The minimum Nswp
may occur very early, as in the case of low SNR,
highlighting that when the SNR of the signal is
very poor, increasing the Nswp has a negligible
effect on the quality of the estimate. This is mainly
because of the high variability among the estimates. In
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contrast, in high and middle SNR conditions, signific-
ant enhancements in the N2 and N2pc estimate could
sometimes still be visible when increasing the Nswp
above the best value obtained for the worst SNR case
(as, for example, occurs for AEl). Although this result
might be counter-intuitive, it is not if we hypothesize
that, at a high SNR, the variability among estimates is
highly reduced compared with lower SNR conditions,
thus facilitating the statistical outcome.

Our investigation also highlighted that the min-
imum value of the Nswp may differ among the dMaP,
AEa, AEl, Eave, and EN2pc. Therefore, in practice, users
should decide whether to estimate the number of
sweeps with a trade-off between the errors or select
which one to control the most, depending on the
specific application and desired metric for their ana-
lysis. Users should be aware that, if averaging is used,
as it happens in most of the real applications, each
error metric contains two contributions: the amount
of suppression of the background noise and the intra-
individual fluctuations of the N2 across sweeps. For
Eave the latter tends to 0 as the Nswp increases. In our
simulation, the mean (±standard deviation) oscilla-
tion of the noise-free average signal in the N2 time
window and considering Nswp = 50 (the minimum
value of Nswp obtained for Eave in each SNR data-
set) was lower than 1.04% (±0.54%) of the gold-
standard value, corresponding to Nswp = 100, on
average across subjects and data groups. The contri-
bution of N2 oscillations across sweeps to the error
metric Eave was of about 4.4%, 12.3%, and 20.8% in
the low, middle and high SNR scenarios, respectively,
on average across subjects and data groups. These res-
ults highlight that the larger contribution to the error
metric is due to the background noise.

The present study also investigated differences in
the initial noise content of the data. Therefore, it is
important to remark that, in practice, users should
estimate the likely SNR of their data before select-
ing the number of sweeps to be implemented in their
experiment. In our simulation context, it was possible
to easily and reliably estimate and control the SNR
of the synthetic sweeps in the N2 time range, from
which we generated three datasets with different and
plausible SNR ranges based on results on the avail-
able real data and on previous studies [14, 15, 50, 53],
as described in section 2.1.6. Although it might seem
difficult to estimate the SNR of data without a noise-
free signal available and before acquiring the data,
some approaches exist in the literature [52, 58, 59].
It should, however, be noted that here the SNR was
computed only in the N2 time range, which was the
range of interest, and therefore the SNR of the entire
sweep could be outside of the desired SNR range.

Another point that also deserves discussion is
that, in the present manuscript, in generating the
noise of the synthetic sweeps, we used real RS data
(ad hoc manipulated to generate different noise
contexts). In the absence of this kind of RS data,

several approaches including autoregressive (AR)
models, adaptive Markov process amplitude (AMPA)
algorithms, and artificial neural networks (ANNs)
could be used to simulate realistic background EEG
noise. In the future, one of these methods could
be integrated into our simulator to generate ran-
dom and fully synthetic EEG signals. For example,
simple AR models could be employed to generate
background EEG noise, provided that a short inter-
val of data (e.g. the baseline) is preliminarily used
to identify the model parameters [14, 60]. AMPA,
expressed by sinusoidal waves, could be used to model
and simulate non-stationary EEG (e.g. in the pres-
ence of artefacts) [61]. Finally, ANNs are valid tools
for generating long-lasting EEG signals (e.g. those of
channels P7 and P8 used in our study to compute
the N2/N2pc components) through an iterative sim-
ulation process, without the use of pre-recorded EEG
sequences [62, 63].

5. Conclusions

The choice of the number of sweeps to be presen-
ted to participants in an ERP experiment is a com-
plex and multifaceted issue, which should consider,
among other factors, the noise content of the sig-
nal and the magnitude of the component of interest.
Realistic simulation scenarios could help users set the
number of sweeps for an experiment in an objective
way, while manipulating the aforementioned factors
according to their specific experimental setting. Here,
we implemented a flexible and easily tuneable simula-
tion framework and demonstrated one among several
possible applications, i.e. the evaluation of the influ-
ence of the SNR of the signal and of the number of
averaged sweeps on the accuracy of the estimate of the
N2/N2pc components with the standard averaging
method. The advantage of the simulator described in
this work is that it is easily reproducible, generaliz-
able, and flexible. Its tuneable parameters allow users
to mimic and investigate several experimental condi-
tions, e.g. different SNR ranges, fatigue effects, unex-
pected cases, as well as ERP components other than
N2/N2pc using different experimental protocols. Fur-
thermore, the presented simulator for N2/N2pc data
could be a useful tool for more challenging tasks,
such as the development of techniques for single-trial
estimation to investigate the variability of these com-
ponents throughout the experiment [15, 64–66].

In conclusion, the simulator and the implementa-
tion documented in the present paper are potentially
useful to design novel experiments aiming to study
attention processes expressed by N2/N2pc modula-
tions. The most suitable number of sweeps should
reflect the specific type of error to minimize. The
tables reported in the paper provide guidelines for
the setup of these novel paradigms. Furthermore, the
simulator developed in this paper will be extremely
useful to other neuroscientists willing to validate their
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novel processing/estimation techniques on synthetic
data emulating the variability and noise content of
real EEG data.
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