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Highlights

e Paper focusses on statistical analysis of ERPs in cognitive Neuroscience
e Current practices do not account for stimulus as random effect

e Simulations show high Type | error rates of such analyses

e Alternative methods are proposed, their validity is demonstrated

e Failure to change current practices fosters the replication crisis



Abstract

Background

Event-related potentials (ERPs) are increasingly used in cognitive science. With their high temporal
resolution, they offer a unique window into cognitive processes and their time course. In this paper,
we focus on ERP experiments whose designs involve selecting participants and stimuli amongst
many. Recently, Westfall, Nichols, and Yarkoni (2017) highlighted the drastic consequences of not
considering stimuli as a random variable in fMRI studies with such designs. Most ERP studies in

cognitive psychology suffer from the same drawback.

New Method

We advocate the use of the Quasi-F or Mixed-effects models instead of the classical ANOVA/by-
participant F1 statistic to analyze ERP datasets in which the dependent variable is reduced to one
measure per trial (e.g., mean amplitude). We combine Quasi-F statistic and cluster mass tests to
analyze datasets with multiple measures per trial. Doing so allows us to treat stimulus as a random
variable while correcting for multiple comparisons.

Results

Simulations show that the use of Quasi-F statistics with cluster mass tests allows maintaining the
family wise error rates close to the nominal alpha level of 0.05.

Comparison with existing methods

Simulations reveal that the classical ANOVA/F1 approach has an alarming FWER, demonstrating the
superiority of models that treat both participant and stimulus as random variables, like the Quasi-

F approach.

Conclusions

Our simulations question the validity of studies in which stimulus is not treated as a random

variable. Failure to change the current standards feeds the replicability crisis.



Keywords: Cluster Mass; ERP; quasi-F; mixed-effects model; replicability crisis; Stimulus as fixed-

effect fallacy

1. Introduction

Many subfields in cognitive psychology consider Event-Related Potentials (ERPs) as a measurement
of choice to study cognitive processes. ERPs are particularly enticing because of their high temporal
resolution, which offers a unique window into the time course and nature of cognitive processes.
ERP data come with methodological challenges, however. They are complex, and their analysis
requires specific statistical models. Because they are often analyzed using inadequate models (see
below), it can be expected that the replicability rate of these studies is low, probably much lower
than the replicability rate of psychological experiments in which the dependent measure is much
simpler (i.e., one measure per trial as opposed to many in an ERP experiment) and this rate is

nothing to be proud of (e.g., Simmons, Nelson, & Simonsohn, 2011).

The aim of this paper is to review and question existing practices in the analysis of ERP data, show
the potential pitfalls of current standards, review better suited statistical tools, and discuss some
of the current challenges in the statistical analysis of such data. The paper complements recent
contributions on various aspects of the statistical analysis of ERP data (see for instance Keil et al.,
2014; Luck & Gaspelin, 2017) by focusing on the need to take into account the fact that the stimuli
of the experiment have been selected amongst many available options (e.g., subset of pictures,

words, animal sounds), or, in more technical terms, to treat stimulus as a random effect.

The need to treat stimulus as a random effect was highlighted early on in the literature (e.g., Clark,
1973) and is since then regularly discussed (e.g., Judd, Westfall, & Kenny, 2012). Recently, Westfall,

Nichols, and Yarkoni (2017) reported simulations suggesting that many of the results reported as



significant in fMRI studies likely result from Type | errors (i.e., rejecting the null hypothesis when it
is in fact true), as a direct consequence of not including stimulus as a random effect in statistical
models. In this contribution, we examine this issue in the context of ERP studies. Treating stimulus
as a random effect in the context of ERP studies raises specific issues. Moreover, given the many
forms that an ERP data set can take, there is not one but many statistical approaches. In this paper

we review the options available for different types of data sets.

The paper is structured as follows. In the next section, we describe the properties of data sets
collected in typical psychological experiments, in which participants and stimuli are selected
amongst many. We discuss the options that are used and/or available to the researcher to take into
account these properties in the statistical analysis when the dependent measure consists in one
measurement per trial (e.g., response type, response time, viewing time). In section 3, we extend
the discussion to ERP experiments. We discuss the statistical tools used or available to analyze data
sets involving one to many measures in the time dimension. We demonstrate, using simulations,
the consequences of not taking the experiment design into account. In the last section, we discuss
current challenges in the extension of existing tools to data sets with several dozens/hundreds of

measurements in both the time and space dimensions.

2. Designs in which participants and stimuli are selected amongst many

In most experiments in cognitive psychology, the researcher is interested in the effect of one or
several independent variables (or predictors, also called fixed-effects in the context of the statistical
model) on a dependent measure. Examples of dependent measures are response times (time
interval between the onset of the stimulus presentation and the onset of the response), time spent
gazing at a given location, probability of giving a correct response, or of remembering an item.
Independent variables may code for properties of the design (e.g., whether the stimulus is preceded
by a related or unrelated word, number of repetitions of a given stimulus, specific condition in

which the person is set, group category, etc.) or of the stimuli (e.g., sentence type in language-



related experiments, emotion associated with a given picture, typicality or complexity of the

picture, etc.).

In many cases, and the present paper is specifically concerned with those cases, researchers build
up experiments that include sets of stimuli (these can be words, pictures, shapes, situations,
sounds, etc.) and sets of participants. Stimuli and participants are selected amongst many
alternatives. For instance, the experiment will typically involve two or three dozens of participants,
selected in a larger pool of psychology students. The researcher is usually not interested in this
subset of participants per se, but would like to argue that the observed effects are generalizable to
the population of participants from which the sample was drawn. Similarly, the researcher selects
a few (dozen) stimuli amongst many. S/he is not interested in the selected stimuli per se and would
like to argue that the observed effects generalize to the population from which the stimuli were
drawn. In other words, the researcher would like to be able to conclude that the same effects would
be significant if other subsets of participants and stimuli from these same populations were to be
selected. For this to be possible, participants and stimuli must be treated in statistical models as
random effects. It is important to note that the statistical terms random effects do not imply that
the participants or the stimuli were selected at random. This is rarely the case. The mere fact that
another researcher might have used other stimuli (as s/he might have used other participants)

qualifies stimuli (and participants) as a random effect.

In addition, in most experiments, all participants in a given condition are tested on all stimuli of this
condition, and conversely, all stimuli are generally seen by all participants in a given condition. This
aspect of the design must also be reflected in the analysis; this is done by treating participant and
stimulus as crossed random effects. It is important to note that as a consequence of such designs,
data sets involve (complex) repeated measurements. Each participant is measured several times
(on different stimuli) and each stimulus is measured several times (by the different participants).
Repeated measurements are undoubtedly characterized by “dependency”. Measurements taken

from the same participant are correlated with one another (some participants are faster) and



measurements from the same stimulus are correlated (some stimuli are easier to process than

others).

3. Treating stimulus and participant as random effects in the analysis - non ERP data sets

The statistical analysis must treat stimulus and participant as crossed random effects and model
the dependency in measurements that arises because the same participants and stimuli are
measured multiple times. Random and fixed effects (i.e., those effects accounting for the
manipulations/comparisons of interest) must further be modelled jointly (while separating their
respective contributions) so as to ensure that the statistical effect of an independent variable can
be attributed to the true influence of this variable rather than to specificities of the set of stimuli or
participants in the study. This section is concerned with the analysis of experiments in which one

data point is collected per trial (e.g., response time, forced choice, response type).

Researchers in cognitive psychology deal/have dealt with these issues in diverse — more or less
adequate- ways. The extent to which a given approach is still used varies across fields. In many
fields, the dominant approach has long been (or still is) to aggregate the data for each participant
in a given condition and to conduct a statistical test (e.g., ANOVA, t-test) on these averaged values
to test whether differences across conditions are significant. We will call these analyses classical,
by-participant or F1 analyses. Importantly, a significant by-participant analysis allows generalizing
the result to the population of participants but only with the same sample of stimuli, and therefore
does not provide information on what would happen with another sample of stimuli. The question
thus arises of whether the results of these studies can be generalized to other subsets of stimuli
and relatedly, of whether some of the discrepancies in findings across studies could be explained
by differences in the sets of stimuli used across experiments (see Judd et al., 2012, for examples

taken from social psychology, and further discussion).

The necessity to model both participant and stimulus as random effects, especially in language
studies, was formalized early on by Clark (1973) following the work of Coleman (1964). Statistical

analyses on aggregated psycholinguistic data (other than EEG Data) have since then usually involved



by-participant (F1) and by-stimulus (F2) analyses. In by-stimulus analyses, the data are averaged
over participants for each stimulus in a given condition and the analysis is performed on these
averaged values. A significant by-stimulus analysis allows generalizing the result to the population
of stimuli but only with the same sample of participants, and therefore does not generalize to the
population of all possible participants. In order to be able to conclude that the effect would
replicate with both a new set of stimuli and a new set of participants, it is necessary to model the
two random effects together. Clark offered a solution to this problem which consists in computing
a quasi-F statistic (or F’), which is based on the sum of squares derived from the model treating

both participant and stimulus as random effects.

Another option to jointly model participant and stimulus as crossed random effects is offered by
crossed mixed-effects models. Mixed-effects models (which encompass multi-level or hierarchical
models) are an extension of the regression model. Classical regression models are appropriate
when each observation is independent from the others. Only one measure per participant can be
included. The only random effect is the error term, which can be viewed as a measure of the
incapacity of the model to perfectly predict the dependent variable as a function of one or more
independent variables. The error is to be understood as a prediction error. If several measures are
taken on a same participant (or on the same stimulus) these will be correlated and the model should
incorporate this correlation. Mixed-effects models generalize regression models by incorporating
variables such as participant or stimulus (random effects) to explain or predict the induced
correlation. Random effects account for how the mean of the dependent variable varies with the
random variables (i.e., random intercepts) and/or how the influence of the independent variable(s)
varies with the random variables (random slopes). The introduction of both random intercepts and
random slopes is theoretically required to ensure that the results would generalize to other sets of
participants and stimuli (see Barr, Levy, Scheepers, & Tily, 2013), but this is not always possible (or
optimal) as it may require more data points than available (e.g., Bates, Kliegl, Vasishth, & Baayen,

submitted).



Mixed-effects models are particularly relevant when the researcher wants to introduce continuous
predictors in the analysis. Potential confounding variables can be introduced in the model, thereby
ensuring that the effects of the predictor of interest can be associated with the researcher’s
manipulation, i.e., are not (partly) due to other variables. Numerical predictors of interest (i.e.,
covariates) can further be tested. Unlike the ANCOVA (which also allows introducing continuous
predictors) mixed-effects models allow considering, in the same analysis, covariates/confounding
variables that describe both, participants (e.g., age, score in an independent task) and stimuli (e.g.,
complexity of picture, familiarity of face, etc.). In addition, they allow modelling the influence of
trial-specific covariates. For instance, predictors accounting for variations in participants’ responses
over the course of the experiment as a result of fluctuations in attention, fatigue, or strategies, can

be brought in the analysis. Doing so often improves the predictive value of the model.

Mixed-models outperform the Quasi-F when data sets are incomplete and the missing data are not
completely random. Data sets from experiments in cognitive psychology are characterized by
missing data. For instance, in many experiments where the dependent variable is the response
time, only correct responses are included in the analysis. By-stimulus, by-participant, and quasi-F
analyses may perform poorly when the missing data are not completely at random. They may result
in less precision, less power, and biased estimates (Soley-Bori, 2013, see also Lachaud & Renaud,
2011). In many experimental studies, data are not missing completely at random. Often, more data
points go missing in the more difficult condition, or for stimuli that are more complex. Mixed-effects
models deal well with missing data (Baayen, Davidson, & Bates, 2008) when the variables that

account for the missing pattern (e.g., stimulus) can be brought into the statistical model.

Mixed-effects models have spread in some fields of cognitive psychology more than in others. In
psycholinguistic research for instance, mixed-effects models with crossed random effects for
stimulus and participant have been introduced by Baayen and colleagues about ten years ago
(Baayen, 2008; Baayen et al., 2008, see also Lachaud & Renaud, 2011), and their use has since then

increased exponentially to become the golden standard for the analysis of responses / response



times (see also Barretal., 2013; Carson & Beeson, 2013; Janssen, 2012; Matuschek, Kliegl, Vasishth,
Baayen, & Bates, 2017). They are spreading to other fields (e.g., Kliegl, Wei, Dambacher, Yan, &
Zhou, 2011; Watkins & Martire, 2015) and several researchers advocate a general use of such
models in cognitive neuroscience (e.g., Boisgontier & Cheval, 2016; Judd et al., 2012). These models
can now be performed in many software (e.g., R: Ime4 package, SAS: Proc Mixed; SPSS: Mixed

procedure).
3. Treating stimulus and participant as random effects in ERP studies®

ERP data sets come with an additional property: they contain multiple measures per trial. Typically,
ERPs are locked to the onset of the stimulus and last several hundreds of milliseconds. For each
trial, measurements are taken at each time sample, with a sampling rate usually above 250 Hz. For
a sampling rate of 512 Hz for instance, 512 measurements are taken per second, which
approximately amounts to one measurement every 2 ms. Moreover, for each trial, the EEG signal
is often recorded at multiple locations (i.e., electrodes). Studies differ in the number of electrodes

on which the signal is measured, from a few electrodes to several hundreds.

The fact that ERPs contain multiple measures per trial poses specific challenges for the statistical
analysis. If the researcher wants to analyze more than one measure per trial, s/he will most likely
run into the multiple comparison problem. The probability of a Type | error for a single test is
typically of 0.05 in psychology experiments (as the significance threshold is set to 5%), but if several
tests are conducted and this value is left unchanged across all tests, the family wise error rate
(FWER, probability of finding at least one statistical difference under the null hypothesis) increases
drastically for each additional test, see for instance von der Malsburg & Angele, 2017, for a recent

example on eye-movements in reading studies).

Many ERP experiments in cognitive science select a subset of stimuli amongst many. This aspect of

the design is rarely taken into account in the statistical model. Whereas it is well established that

1 We focus mostly on those frequent cases where the dependent measure of interest is the amplitude of the ERP signal,
but the discussion often also applies to other dependent measures.
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ERPs show a substantial amount of variability across participants, the inter-stimulus variability is
rarely discussed in the literature. To illustrate this variability, we re-analysed the ERP data reported
in Barki (2017). In this study, participants were presented with pictures of objects and were
instructed to name these objects aloud. The pictures were presented in four conditions, but the
current analysis is restricted to two of them. In the first, the picture appeared with a superimposed
written word unrelated to the object’s name (neutral condition); in the second, the picture was
presented with a line of Xs (no distractor or baseline condition). The data set includes data from
18 participants. We computed a mixed-effects model with random intercepts for participant and
stimulus at each time point, with the amplitude of the ERP as the dependent variable, and condition
(i.e., no distractor versus neutral distractor) as the fixed effect. Figure 1 displays the random and

fixed effects for this analysis over time.

As can be seen on Figure 1, the random intercept for stimulus, although smaller than that for
participant, is clearly not negligible. Moreover, it is greater between about 200 and 280 ms after
picture onset, a time window which overlaps with the time window in which the estimated
parameter associated with the fixed-effect is the greatest (see also Biirki, 2017). Further note that
in the present analysis only random intercepts were included. It is possible that participants and
stimuli further vary in how their amplitude is influenced by the experimental manipulation. This
example illustrates the fact that the amplitude of the ERP signal varies across stimuli. It clearly
points to the need to take into account both the variability across participants and stimuli in the

analysis.

The optimal analysis of ERP data sets requires that both the fact that stimuli and participants were
selected amongst many, and the fact that multiple tests are conducted, be dealt with. How to
optimally analyze ERP data sets depends in part on the number of measurements per trial in the
time and space dimensions to be considered in the analysis. In the following subsections, we discuss

two cases. In the first, the data set contains one (to a few) measures per trial, in the second, the
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number of measures is limited in the space dimension but not in the time dimension. Data sets with

numerous measures in both dimensions are discussed in section 4.

3.1.0ne (to a few) measure(s) in the time and space dimensions

ERP data sets often come with hundreds of measurements per trial but it is very common in
cognitive psychology to reduce the data set to fewer data points, for instance by averaging the
signal in time windows and/or groups of electrodes (e.g., Barkley, Kluender, & Kutas, 2015;
Strijkers, Costa, & Thierry, 2010), by performing the analysis on the signal at a given electrode or
on the signal averaged across neighboring electrodes (i.e., at a single ROI), by restricting the analysis
to specific time points and/or electrode locations (see Keil et al., 2014 on how to (not) select the
time window/electrode, or Luck & Gaspelin, 2017)? or by focusing on a dependent variable that
provides a single measure in the time domain (e.g., maximum of amplitude or its latency®). Note
that these options® come with the need to operate a selection of the time points/time windows (or
electrode locations) in which the analysis will be conducted and thus require appropriate a priori
knowledge. Without a priori knowledge, the researcher will either select the window(s) arbitrarily
or will do so after inspection of the data. In the first case, the windows may be suboptimal and miss
an effect that would be maximal at the junction between two time windows. If the selection is
driven by a visual inspection of the data, the probability of a Type | error is drastically increased.

Spurious effects will draw the attention of the analyst, who will select the time windows and

2 This might be appropriate when the electrophysiological signature of the phenomenon being examined is well defined
(e.g., meaning processing indexed with the N400 component, Kutas & Federmeier, 2011; processing of syntactic
abnormalities with the P600, e.g., Gouvea, Phillips, Kazanina, & Poeppel, 2010; face processing/familiarity indexed with
the N170, e.g., Alonso-Prieto, Pancaroglu, Dalrymple, Handy, Barton, & Oruc, 2015). In many cases, however, it is
difficult to optimally select the time points and/or electrodes a priori, because participants tend to differ in the timing
of components (see for instance Alonso-Prieto et al., 2015) and the averaging of the signal over time, despite its
disadvantages, might be better suited than the selection of time points/electrodes for this reason.

3 This approach is particularly suited when the researcher targets a specific component, as the peak of amplitude will
reflect the peak of this component. It is also particularly appropriate to deal with inter-individual differences in the
timing of components (e.g., Gaspar et al., 2011).

4 A fourth way of reducing the data set is to use Independent Component Analysis (ICA). The purpose of ICA is to separate
linearly mixed sources. This technique is often used to separate the signal of interest from artefacts but can also be used
to decompose the signal in a sum of components (https://sccn.ucsd.edu/~scott/PNAS.html) and the statistical analysis
can then be performed on these components (e.g., Groppe, Makeig, & Kutas, 2009; Onton & Makeig, 2006).
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locations in order to maximize the chances of finding a significant difference. Selecting the best
window visually is equivalent to testing the effect on all windows and reporting only the most
significant one as if it was the only one that was considered a priori. In short, the need to select
time windows for the analysis decreases the chances that the results will be replicated or can be
compared. Several recent studies have shown the poor replicability of psychological experiments.
According to Simmons and colleagues (2011) this lack of replicability can be explained by the many
degrees of freedom that the researcher has during the analysis of the data. The researcher’s
degrees of freedom increase drastically if time windows and locations are selected a posteriori.
Analyses that limit the number of arbitrary decisions (e.g., mass univariate analyses, see below) are

a much better option in this respect.

Analyses on reduced data sets were required when computational resources did not allow
processing big databases. With contemporary computational resources, however, this is no longer
the case. In practice, this is still done often, and may be justified by the research question, or a

priori knowledge.

Statistical analysis of reduced data sets

When the data set is reduced to contain, say only one measure in the time dimension (with or
without electrode location as an independent variable), the statistical models discussed previously,
which are appropriate for the analysis of data sets with reaction times or error rates, are also
optimal in this case. Surprisingly, however, the statistical models that are used in most ERP studies
dealing with such data sets are inadequate in that they do not treat stimulus as a random variable.
In most cases, a by-participant t-test or ANOVA is performed (i.e., F1 analysis) only. Once again,
with this approach, the researcher can conclude that the results would replicate with a different
set of participants using the same set of stimuli, but cannot conclude that they generalize to

different sets of stimuli (see Clark, 1973; or Judd et al., 2012).

Forster and Dickinson (1976) showed that Type | error rates for analyses that do not consider

stimulus as a random effect can exceed the alpha level by a factor of 10 (see also Lachaud & Renaud,
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2011). Here, we present additional evidence. We ran Monte-Carlo simulations to compute the
percentages of cases in which the null hypothesis is rejected for simulated® data sets of 20
participants and 18 or 36 stimuli, with three factors; A (between participants, within stimuli), B
(within participants, between stimuli), and C (within participants, within stimuli), and their
interactions® under the null hypothesis (see Table I). We compared the type | error rate for a
nominal level of 0.05 for the Quasi-F statistic, the classical ANOVA (F1), and the crossed mixed-
effects model (see Lachaud & Renaud, 2011 for a similar approach with comparisons between
different F statistics, amounts of missing data, replacement schemes, and distributions).
Simulations are run on the R language, based on the permuco package (Frossard & Renaud, 2018)
for the F1 and Quasi-F statistics, and on the Ime4 package (Bates, Maechler, Bolker, & Walker, 2015)
for the mixed-effects model statistic (Kenward-Roger statistic). The results are summarized in Table
I. The code for all functions involving the F1 statistic in this paper can be found in the permuco
package (available here https://cran.r-project.org/package=permuco) and functions involving the
Quasi-F statistic can be found on a github repository
(https://github.com/jaromilfrossard/permucoQuasiF, that will eventually be merged into

permuco).

Appropriate methods should result in values that are close to 0.05. The obtained proportions for
the Quasi-F and mixed-effect models are quite close to this value, which indicates that their p-
values are trustworthy. By contrast, the classical F1 approach has an unacceptable type | error rate,
that rockets up to 60%. This means that in this setting, 60% of no-effects are declared significant.

Anticipating the need of permutation for the next section, Table | also provides the results of two

5 All our simulations were conducted on artificial (simulated) datasets
6 4000 samples were generated under the null hypothesis. The data are simulated using random effects with all possible

intercepts and slopes and with a normal distribution, and with decreasing variability with respect to the interaction
level (for random intercepts o=1, for random slopes 6=1/2, for random interaction of level 2 6=1/3). The variability of

the error terms is 0=2.
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permutation approaches, in which the p-value is obtained through permutation’. As expected given
that the requirements of the parametric approach are fulfilled, the proportion of rejected null

hypotheses is quite similar for the parametric and permutation approaches.

This simulation adds to the many demonstrations in the literature that the use of methods that do
not take into account the effects of the stimuli have type | error rates that are much larger than
expected. It can thus be hypothesized that a non-negligible number of the significant results
reported in the literature are in fact driven by specificities in the set of stimuli selected for the

experiment and would not replicate with different sets of stimuli, fostering the replicability crisis.

Nothing prevents researchers to perform by-stimulus analyses, quasi-F analyses, or mixed-effects
models with reduced ERP data sets (see for instance Bedny, Aguirre, & Thompson-Schill, 2007 for
by-stimulus analyses of fMRI data). Mixed-effects models with the signal in the selected time
window, a selected time point, or the peak of amplitude as the dependent variable, the predictors
of interest and random effects for participant and stimulus have been used in a few papers
(Khalifian, Stites, & Laszlo, 2016; Payne, Lee, & Federmeier, 2015, see also, Amsel, 2011; Toscano,
McMurray, Dennhardt, & Luck, 2010; Vossen, Van Breukelen, Hermens, Van Os, & Lousberg, 2011
for other types of mixed-effects models) but their use is far from frequent. The software R (R

development core team, 2015) and library Ime4 (Bates et al., 2015, see also ImerTest, Kuznetsova,

7 For the classical ANOVA, we used the method from Kherad-Pajouh & Renaud (2015). For the quasi-F, we used the
method from ter Braak (1992), where all the estimated random effects are randomly flipped to obtain new data. More
precisely, for the Quasi-F, random and fixed effects were estimated as if they were all fixed effects. For the random
effects, we did not estimate the parameters (which are constrained to sum to zero), but a choice of orthogonal
contrasts (which are free). We kept the fixed part and flipped the contrasts of the random part randomly to form new
permuted dependent variables. The F statistics were transformed to log p-values, to anticipate the generalisation of
the method to ERP data (see section 3.2) and more specifically to allow the use of Fisher's P-value combining method,

which sums the logarithms of the p-values (Smith & Nichols, 2009).
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Brockhoff, & Christensen, 2017, and afex, Singmann, Bolker, Westfall, & Aust, 2017) can for instance
be used to run such models. Once again, mixed-effects models offer more flexibility than quasi-F
statistics and are to be preferred when the data set is unbalanced, or when it makes sense to include
continuous predictors in the analysis. By now, they should have become the golden standard with

ERP reduced data sets.
Multiple testing issue

A frequent practice consists in averaging the signal in several successive time windows (or
intervals), and to run a statistical analysis separately in each time window. Conclusions on the time
course of the effect are based on the presence/absence of the effect in these time windows. Hence
multiple tests are performed and the multiple comparison problem must be addressed. Yet, most

studies do not correct for multiple comparisons in this context.

The most popular and best known method to correct for multiple comparisons is the Bonferroni
correction. It consists in dividing the nominal level alpha by the number of comparisons, thereby
ensuring that the FWER does not exceed the alpha level. The Bonferroni correction is however
typically too conservative when the tests are not independent, as is the case with ERPs. Using the
Bonferroni correction in this context would result in a decrease in statistical power (probability of
correctly rejecting the null hypothesis). Different options that take into account the correlation
between the tests while maintaining the FWER have been proposed, either using the closure
principle or a resampling approach (see for instance Bretz, Hothorn, & Westfall, 2016 for details)
and are available in R in the multcomp (Hothorn, Bretz, & Westfall, 2008) and coin packages
(Hothorn, Hornik, van de Wiel, & Zeileis, 2008). Their description goes beyond the scope of this
article, but note that these procedures offer substantial improvements compared to the Bonferroni
procedure in terms of power. Another criterion to correct for multiple comparisons is the false
discovery rate (FDR, or the expected proportion of falsely rejected hypotheses among the rejected
hypotheses). This criterion has militants and objectors (see for instance Bretz et al., 2016). One of

its advantages is that there exists a relatively powerful and easy method to control the FDR, called
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Benjamini-Hochberg (Benjamini & Hochberg, 1995). Note, however, that this method does not
control the FDR in all cases (of correlation structure). Again, we refer to Bretz et al. (2016) for more

information.

3.2.0ne (or a few) electrodes, many time points

Whether it is appropriate (or optimal) to reduce the data set in the temporal dimension depends
on the study, the amount of background knowledge, and the purpose of the analysis. Whereas data
reduction can be appropriate when the researcher has good a priori knowledge about the timing
of an effect, it is not in all cases where this is not the case. The selection of time windows is for
instance not appropriate when the purpose of the study is precisely to determine the time course
of an effect. Testing for an effect in successive time windows in which the signal has been averaged
only provides a very rough temporal measure of the boundaries of an effect. If the time windows
of analyses are for instance 100-249, 250-399 and 400-500 ms after stimulus onset, and an effect
is found in the latter only, it is not possible to know whether the onset of the effect is 400, or, say,

480.

In many cases, the appeal of ERPs is specifically that they have a high temporal resolution. A high
number of measurements, in the time domain at least, is highly desirable for these studies and the
data are most informative if analyzed with as little a priori restrictions in this dimension. An
increasingly popular statistical approach is to perform the statistical modeling on the unaveraged
data (also sometimes called single trial analysis). One statistical test is performed at each time point

and specific techniques are used to correct for multiple comparisons.

Addressing the multiple comparison problem appropriately requires accounting for the
dependency in measurements in the time dimension. Some have dealt with this by deciding on the
number of consecutive time frames that will have to show the effect, at a given alpha level, for the
effect to be considered significant. This approach has to be preferred over a selection based on data
inspection or any other double-dipping strategy (e.g., selecting a time window for an analysis based

on an analysis which is not independent of the first, see Kriegeskorte, Simmons, Bellgowan, & Baker,
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2009) but is not optimal. It requires the interval size to be defined arbitrarily. To illustrate this
problem, imagine you decide for 20 ms and the effect lasts 19 seconds. What should be done?
Moreover the error rate of this procedure -- its FWER -- is not known and depends on the

characteristics of the data (essentially its correlation structure).

Addressing the multiple comparison problem

As mentioned above, different methods have been proposed to correct for the multiplicity of tests.
This is also true in the context of non-aggregated ERP data sets. The comparison of these
approaches is beyond the scope of the present paper. An excellent review with pros and cons can
be found in Groppe, Urbach, and Kutas (2011). The different methods vary in the criterion they aim
at (e.g., FWER, FDR) and the path they take to achieve this criterion. As underlined by Groppe et al.
(2011), a key aspect in which these methods differ is “how they negotiate the trade-off between
statistical power (...) and the degree of certainty one can have in the significance of any single test
result” (Groppe et al., 2011, p.18.). One such method, cluster mass tests, has recently become

popular in the EEG community.

Cluster mass tests offer an elegant solution to the multiple comparison problem and formally
control weaky the FWER. They rely on cluster mass statistics (see for instance Maris & Oostenveld,
2007 and Cheval et al., 2018, or Luque et al., 2017, for selected examples in the analysis of ERPs). A
statistics (e.g., a t or a F statistics) is computed at each time point, but instead of computing a p-
value for each of these time points, all the time points that exhibit a statistics higher than a given
threshold are grouped together, clustered based on their temporal (or spatio-temporal, see below)
adjacency. Cluster mass tests require that a threshold be defined a priori. In practice, the threshold
is often the 95% quantile of the F distribution. For each cluster, a cluster statistic, the cluster mass,
is computed based on the statistics of each of the time points it contains. A permutation scheme
evaluates the significance of each cluster, as a whole. Different cluster-level statistics can be used
depending on the researcher’s a priori knowledge about the effect, i.e., largely distributed in time

and/or space or rather local (see for instance Pernet, Chauveau, Gaspar, & Rousselet, 2011). An
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extension of the cluster-mass test that avoids the choice of a threshold while allowing different p-
values for each time point has been proposed by Smith & Nichols (2009), the Threshold Free Cluster
Enhancement, or TCFE. In this approach, the height of the cluster (maximal value) and its extent
(number of elements) are integrated for all possible thresholds. The way the cluster extent and
height are used in the integral (power function) must be decided a priori (see Pernet, Latinus,

Nichols & Rousselet, 2015 for consensus values).

This method, like other ways of correcting for multiple comparisons, has limitations (we again refer
the reader to Groppe et al., 2011 for an extensive discussion) but also many advantages. It is for
instance very powerful to detect effects that are broadly distributed in time (permutation tests
based on single t values -rather than on cluster-based statistics- might for instance be more
appropriate for detecting narrow effects or obtain more precise information on the onset and offset
of an effect). Notably, cluster mass tests in many articles (including Maris & Oostenveld, 2007) and
many software implementations allow for only one factor (typically 2 conditions). This is due to the
difficulty of defining a correct permutation scheme in cases with more factors, as illustrated next.
To test the null hypothesis of no effect between the two modalities of a factor, say A, one can freely
permute the data points since the data share the same distribution under the null hypothesis.
However, in the presence of a second factor, say B, the null hypothesis about A does not impose
the data from the two levels of B to have the same mean. This implies that to test the null
hypothesis of A, one cannot freely permute the data anymore. This point is often overlooked in
many uses of permutation tests. Several generalizations of the basic permutation scheme that
account for this difficulty have been proposed (see Kherad-Pajouh & Renaud, 2010; Kherad-Pajouh
& Renaud, 2015; or Winkler, Ridgway, Webster, Smith, & Nichols, 2014). Note that in the simplest
case, the permutation test is exact, meaning that it rejects exactly 5% of data under the null
hypothesis when the alpha level is set to 5%. None of the extensions discussed above keeps this
property for finite samples but they are usually close (Anderson, 2001; Winkler et al., 2014).

Related to permutations, the bootstrap could also be considered. It is never exact, but when both
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permutation and bootstrap are adequate, they tend to give similar results, as shown for example

in Pernet et al. (2015) for ERPs.

As discussed in section 2, in experiments with participants and stimuli selected amongst many, we
want the statistical test to treat both stimulus and participant as random effects, and to do so
simultaneously. We stressed that the Quasi-F and statistics from the mixed-effects models are the
best options, and highlighted the additional advantages of the mixed-effects model approach. To
our knowledge, cluster mass statistics have not yet been used with the Quasi-F or statistics from
mixed-effects models. The only requirement is to obtain statistics at each time point that are
aggregable and a permutation method that generates ERPs that are coherent with the null
hypothesis. The permutation-based Quasi-F method proposed in section 3.1 can therefore be used
with the cluster mass procedure. In the next section, we present simulations combining the Quasi-
F and cluster mass tests. For comparison purposes, we also combine the Quasi-F statistic with the
Benjamini-Hochberg (BH) procedure. Note that the package permuco (Frossard & Renaud, 2018)
and its extension for the Quasi-F statistic (https://github.com/jaromilfrossard/permucoQuasiF,
that will eventually be merged into permuco) provides functions to apply these two methods as

well as other methods, which are not detailed in the present study.

Comparing FWER obtained with cluster mass tests for F1 and Quasi-F statistics

In this section we present simulations that compare the FWER obtained with cluster mass tests and
the BH method when used with the (classical) F1 statistic versus with the Quasi-F. The most

important results are shown in Table Il.

For the simulations of ERPs, as in section 3.1, we simulated data sets of 20 participants with 18 or
36 stimuli, with three factors: A (between participants, within stimuli), B (within participants,

between stimuli), and C (within participants, within stimuli), and their interactions. We simulated
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an ERP of 600 time points for each participant exposed to each stimulus®. For cluster-mass based
tests, at each iteration, a cluster-mass test was performed for the main effects of A, B, and C using
either the by-participant F1 statistic or the quasi-F statistic. The table summarizes the average FWER
for these two methods (i.e., proportion of samples that have at least one significant cluster). By
definition, a correct method should result in proportions close to the nominal value of 0.05. The
quasi-F method is not perfect as the proportion oscillates between 6% and 9%. The rate is much
worse however for the F1 statistic (between 8% and 100%). For instance, a significant cluster is
found for the main effect of B in 100% of the iterations with 18 stimuliand in 99.7% of the iterations
with 36 stimuli (instead of the expected 5%)! These results are even more alarming than in section
3.1 and truly question the replicability of ERP studies analyzed with F1 statistics. Note that with a
fully balanced design, without covariates, and the same permutation scheme, the results of the
simulations would most probably be the same with a statistic (e.g., Kenward-Roger) from a mixed-
effects model with the maximal random effect structure (see Barr et al., 2013), but the computation

time would be much greater than with the Quasi-F.

Simulations with the BH procedure show that as expected, the procedure performs poorly when
applied to the F1 p-value (Classical F1, BH in Table II) as it does not take into account the variance
induced by the stimuli. By contrast, when this variance is brought into the model, as in the Quasi-F

(Quasi-F, BH) the results are quite good, although a little bit conservative.

8 4000 samples of ERPs were artificially generated using the sum of signals due to the participant random effect, the

stimulus random effect, their interactions with fixed effects (random slopes) and the errors. To obtain smooth curves
similar to ERPs, each of these signals was generated as a multivariate Gaussian vector using a covariance matrix that

decays very slowly as a function of time distance, while still being positive definite. More precisely, the temporal
. . . . . . 2
correlations were simulated using an exponential correlation function ,O(T) = exp(—31' / R) (Abrahamsen,

1997), also called Gaussian correlation function. The range parameter was set to R=60 for the random effects
associated with the participants, to R=40 for the random effects associated with the stimuli and to R=20 for the error

terms. As in section 3.1, the standard deviations (amplitude) are decreasing with the order of the interactions.
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The results of additional simulations on different sample sizes (for participants and for stimuli) can
be found in the supplementary material. These simulations all show that the stimuli have to be
treated as a random variable in the statistical model. An interesting goal for future work will be to
compare the results of different methods or combination of methods that treat stimulus as a
random variable and correct for the multiplicity of tests as Groppe et al. (2011b) did for by-subject
statistics. Whereas the choice of the statistic (e.g., Quasi-F versus statistic form the mixed-effect
model®) and the selected method to correct for the multiplicity of tests can be expected to show
small variations in the FWER, it is clear from the present simulations that methods that do not

account for the variance induced by the stimuli are to be avoided.

Power considerations

Power analyses are presented in the supplementary material, for the two datasets included in the
simulation described above, as well as for other simulated datasets with different numbers of
stimuli and participants. Since the classical F1 approach does not control the FWER, the power
between the F1 and Quasi-F approaches should not be compared, and researchers should not use
methods that are known to be anti-conservative in any case. It is however reassuring to see that
the power of the F1 and Quasi-F are relatively similar. This suggests that using the Quasi-F approach

does not imply a high cost in statistical power.

4. Current challenges in treating stimulus as a random effect in the analysis of ERPs

We discussed cases where it is reasonable to reduce the data set to one (or a few more) measures.
The approach to be adopted here is straightforward and already used with dependent variables
such as reaction times, or response type. Our simulation adds to other contributions in the

literature showing that failure to adopt this approach leads to non-negligible increases in type |

° The use of mixed-effects model in this context would be particularly relevant, but several points will have to be
resolved such as which random effects to include in the random effect structure of the model, or how to cope with a
lack of convergence of the models at some time points.
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error rates. We then discussed cases in which it is reasonable to have only one (or a few electrodes)
and the researcher wants the analysis to tell when an effect starts and ends, or simply whether
there is an effect, without having to choose (a) specific time window(s). We showed that it is
possible to conjugate cluster mass tests with Quasi-F and demonstrated, using simulation, the
advantage of this approach over a by-participant analysis. A first challenge for future research will
be to determine whether this approach can be used with mixed-effects models when the data sets
are unbalanced or when covariates should be taken into account. This requires that a permutation
scheme be defined that respects the structure of the data and is likely to be quite computationally

intensive.

A second challenge for the statistical analysis of ERPs consists in treating stimulus as a random
variable in data sets that are unreduced in both the time and space dimensions. In some cases, it
may indeed be desirable to record multiple measures in both the time and space dimensions. This
is especially true when the researcher does not know where and when the effect is to be expected.
The cognitive processes of interest are not always indexed by specific components and the purpose
of the ERP analysis might specifically be to describe the time course and location of the effect of an
experimental manipulation. It may not be a good idea in this context to select electrodes a priori or
average the signal on a subset of electrodes (more generally, see Brooks, Zoumpoulaki, & Bowman,
2017 on the dangers of selecting regions of interest; or Dien, 2017 on averaging across electrodes).
Mass univariate analyses serve exactly this purpose. They consist in performing one statistical test
for each time point and location (e.g., Groppe et al.,, 2011; Pernet, et al.,, 2011). Pernet and
collaborators (2011) implemented for instance cluster mass permutation tests in the context of a
two-level mass univariate analysis (an approach commonly used to analyze fMRI data). At the first
level, the analysis is performed for each participant individually, and consists in a General linear
model performed independently at each time point and electrode. The output of each model is a
Beta coefficient for each condition. At the second level of analysis, the coefficients obtained at the

first level are analyzed across participants, to assess significance at the group level. The exact model
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performed at this stage depends on the data and research question. Significance is assessed using
the cluster mass method. Interestingly, the same approach can be used to assess significance at the
participant level (see for instance Salvia et al., 2014 for an example in face recognition research).
The approach described by Pernet and collaborators has been used in a few domains so far,
including the study of early visual evoked potentials; face recognition Alonso-Prieto et al., 2015;
letter recognition, Madec et al., 2016; or language production research, Birki, Sadat, Dubarry, &

Alario, 2016).

The two-step procedure in Pernet et al. can be seen as a hierarchical multilevel model, a special
case of mixed-effects model. The first-level analysis is performed at the single trial level, therefore
modeling the variability at this level. The second level models the variability across participants. In
this approach however and unlike in mixed-effects models with crossed random effects for
participant and stimulus, stimulus is not modeled as a random effect. Rather, trials are modeled as
a random effect nested under participants. In addition, trial and participant are modeled separately
rather than jointly. This analysis thus does not model the dependency that arises because the same
stimuli are seen by different participants and as a consequence, missing data may not be dealt with
in the most optimal way. Note that this two-step procedure has also been described (and used) by
others under different names, as reviewed for instance in Smith and Kutas (2015). In most cases,
however, the two-level model was not used in conjunction with the cluster mass approach to

address the multiple comparisons problem.

An obvious question is whether mass univariate analyses with cluster mass tests can be combined
with a method that treat stimulus as a random effect. To our knowledge, the use of Quasi-F analyses
or crossed mixed-effects models with genuine cluster-mass tests has not been implemented for
spatio-temporal clusters in regular software. Although heavier computationally, the permutation

methods presented in section 3 could be used with unreduced data sets. The availability of
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increasing computational resources will likely make it possible in a near future to adapt the cluster

mass test for Quasi-F in the context of mass univariate analyses.'®

Another option to analyze data sets which are unreduced in the time dimension is found in
Generalized additive mixed-effects models (GAMMs, see Hendrix, Bolger, & Baayen, 2017;
Kryuchkova, Tucker, Wurm, & Baayen, 2012; Meulman, Wieling, Sprenger, Stowe, & Schmid, 2015).
A GAMM is a non-parametric generalized linear model in which the linear predictors depend, in
part, on a sum of smooth functions of predictors. Such models can for instance be performed in the
mgcv R package (Wood, 2018, see also the itsadug package for visualisation, Van Rij, Wieling,
Baayen, & van Rijn, 2015). For instance, Hendrix et al. (2017) fitted independent GAMMs for each
of the 32 electrodes at which the signal was recorded. They included by-participant factor smooths
for trial and time and random intercepts for their stimuli in the random effect structure of the
model. In the fixed-part, they included a main effect smooth for each predictor of interest, and a
tensor product for the interactions between each predictor and time. Given that time is included in
the analysis, there is a priori no need to perform multiple analyses in the time dimension. The
researcher is however often interested in determining the time window in which the effects are
significant. To obtain such information, one could compute confidence intervals at each time point,
and look at the first point in time when zero is not in the interval. With this procedure, the multiple
comparison problem is back again, given that multiple tests (i.e., the confidence intervals) are

conducted independently at each time point. An alternative option would be to compute joint

10 A few studies used mass univariate mixed-effects models (one model at each time point and electrode) but without

cluster mass tests to correct for multiple comparisons. For instance Janssen, Hernandez-Cabrera, van der Meij, & Barber
(2015) performed multiple mixed-effects models at each time point and electrode. They considered an effect to be
significant if the p value was below 0.05 during at least 48 ms. The result of the first analysis was used to define the time
window in which a second analysis was to be performed (see here Kriegeskorte et al., 2009, on the consequences of what
they call “double-dipping” strategies). Note also that the random effect structure of the models in this study only included

random intercepts.
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intervals. In such cases, significance can be assessed for each individual data point, using the joint
intervals. It must be noted however that joint intervals are much less powerful that the cluster mass

to assess the significance of individual data points.

GAMMs allow relaxing the assumption that the predictors are linearly related to the dependent
variable. Results of GAMMSs may however not be as easy to interpret as results from linear mixed-
effects models and some authors view GAMMSs as more suited as an exploratory tool than as an

inference tool (e.g., Fink & Hochachka, 2009; Xiang, 2001).

GAMMs have so far dealt with data sets that are unreduced in the time dimension, but not in the
space dimension. Studies either selected one (or a subset of) electrode(s) or averaged the signal
over several electrodes. As highlighted by Meulman et al. (2015), it is theoretically possible to
include many electrodes in a GAMM analysis but this would require higher computational resources

than currently available.

5. Conclusion

ERP data from psychological experiments are complex data. They are taken from selected subsets
of participants and stimuli, with several measures taken per participant and stimulus. In addition,
thousands of measures are taken at each trial. An accurate analysis of such data requires that this
complexity be taken into account. The majority of ERP studies in cognitive science use inadequate
analyses, questioning the reliability of published findings. The number of studies using ERPs has
increased drastically in the last ten years and this trend will likely continue. There is an urgent need
to think about statistical practices and how they can be improved. Failure to do so inflates family-

wise error rates, feeding the replication crisis in cognitive science/psychology.

Crucially, most current analyses do not allow a generalization of the findings to other sets of stimuli.
The need to treat stimulus as a random effect in psychology was highlighted many decades ago
(e.g., Clark, 1973). The same applies to ERP studies but despite this fact, most analyses do not deal

with this issue at all. In this contribution, we discussed several options. When the analysis is
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performed on a reduced data set (selection of / averaging across specific time intervals/locations)
researchers can use Quasi-F analyses or crossed mixed-effects models (especially with missing data)
instead of the classical by-participant analysis. This way, they can conclude that the effect would
replicate with a different set of participants processing a different set of stimuli. For data sets
reduced in the space but not in the time dimension, which are by far the most frequent in cognitive
psychology, recent developments in statistical software and packages make it possible to use the
Quasi-F statistic. This approach now needs to be extended to data sets that are unreduced in both

the time and space dimensions.

Supplementary material

Refer to web version for supplementary material
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Table I. Monte-Carlo simulations of type | error rates when testing the main effects of factors A (between participants,

within stimuli), B (within participants, between stimuli), and C (within participants, within stimuli) in a full factorial

experiment with 20 participants and either 18 or 36 stimuli under the null hypothesis. Five methods are compared.

Appropriate methods should return a proportion close to the nominal value of 0.05. Values significantly different from

this value are in bold. The classical F1 approach has unacceptable type | error rates (up to more than 60%), suggesting

that the use of this method fosters the replication crisis.

18 stimulus

36 stimulus

Method

A B C

A B C

Classical ANOVA -F1
(parametric)

.0640 6285 1205
[.0568;.0721] [.6137;.6436] [.1108;.1310]

.0555 5555 .0928
[.0488;.0631] [.5403;.5711] [.0842;.1022]

Classical ANOVA-F1
(by permutation)

.0638 6258 1202
[.0566;.0718] [.6109;.6409] [.1106;.1308]

.0548 5542 .0930
[.0481;.0623] [.5391;.5699] [.0844;.1025]

Mixed effect model

.0536 .0525 .0489
[.0458;.0626] [.0448;.0615] [.0415;.0576]

.0488 .0518 0472
[.0425;.0559] [.0453;.0591] [.0411;.0543]

Quasi-F
(parametric)

.0485 .0510 .0362
[.0423;.0556] [.0446:.0583] [.0309;.0425]

0462 .0482 .0380
[.0402;.0532] [.0420;.0554] [.0325;.0444]

Quasi-F
(by permutation, log
p)

0522 0525 .0448
[.0458;.0596] [.0460;.0599] [.0388;.0516]

.0500 0515 .0430
[.0437;.0572] [.0451;.0588] [.0371;.0498]
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Table Il. Monte-Carlo simulation of the proportion of FWER for the Quasi-F and F1 statistics when testing the
main effect of factors A (between participants, within stimuli), B (within participants, between stimuli), and
C (within participants, within stimuli) in a full factorial experiment with 20 participants and either 18 (top) or
36 (bottom) stimuli, using cluster mass tests and the Benjamini-Hochberg (BH) method to correct for multiple

comparisons. Correct methods should be always close to the nominal value of 0.05.

Method A B C

Classical ANOVA-FL 1651 1070:.1269] 1[L1] 2425 [.2296;.2561]
cluster

Classical ANOVA-FL o501 1156: 1362] 1[11]  .2160[.2036;.2291]
cluster (log p)

Classical ANOVA-FL 001 0425 0559] 1[1:1] 2122 [.1999:.2253]

BH (parametric)

Quasi F
cluster (log p)

Quasi F

.0815[.0734;.0904]  .0660 [.0587;.0742]  .0910 [.0825;.1004]

BH (parametric)

.0240 [.0197;.0293]

.0340 [.0288;.0401]

.0102 [.0075;.0139]

Method

A

B

C

Classical ANOVA-F1
Cluster

.0790 [.0711;.0878]

.9975 [.9959;.9990]

11325 [.1224;.1434]

Classical ANOVA-F1
Cluster (log p)

.0828 [.0746;.0917]

.9970 [.9953;.9987]

11218 [.1120;.1323]

Classical ANOVA-F1
BH (parametric)

.0385 [.0330;.0450]

1[1:1]

11205 [.1108;.1310]

Quasi F
Cluster (log p)

.0693 [.0618;.0776]

.0792 [.0713;.0881]

.0910 [.0825;.1004]

Quasi F
BH (parametric)

.0282 [.0235;.0339]

.0278 [.0231;.0333]

.0115 [.0086;.0153]
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Figure captions

Figure 1. Figure 1. Re-analysis of a subset of picture naming data from Birki (2017). A mixed-effects model

was conducted at each time point, with the amplitude of the ERP as the dependent variable, condition (no

versus neutral distractor) as the fixed-effect and random intercepts for participant and stimulus. The upper

panel displays the standard deviation of the random intercept for participant and stimulus. The next two

panels display the value of the random intercept for each participant and stimulus, respectively. The lower

panel displays the fitted value of the fixed-effect. This example illustrates the need to take into account
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both the variability across participants and stimuli in the analysis.
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