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Abstract
Individual differences in processing speed are consistently related to individual 
differences in cognitive abilities, but the mechanisms through which a higher 
processing speed facilitates reasoning remain largely unknown. To identify these 
mechanisms, researchers have been using latencies of the event- related potential 
(ERP) to study how the speed of cognitive processes associated with specific ERP 
components is related to cognitive abilities. Although there is some evidence that 
latencies of ERP components associated with higher- order cognitive processes 
are related to intelligence, results are overall quite inconsistent. These inconsist-
encies likely result from variations in analytic procedures and little consideration 
of the psychometric properties of ERP latencies in relatively small sample studies. 
Here we used a multiverse approach to evaluate how different analytical choices 
regarding references, low- pass filter cutoffs, and latency measures affect the psy-
chometric properties of P2, N2, and P3 latencies and their relations with cognitive 
abilities in a sample of 148 participants. Latent correlations between neural pro-
cessing speed and cognitive abilities ranged from −.49 to −.78. ERP latency meas-
ures contained about equal parts of measurement error variance and systematic 
variance, and only about half of the systematic variance was related to cognitive 
abilities, whereas the other half reflected nuisance factors. We recommend ad-
dressing these problematic psychometric properties by recording EEG data from 
multiple tasks and modeling relations between ERP latencies and covariates in 
latent variable models. All in all, our results indicate that there is a substantial 
and robust relationship between neural processing speed and cognitive abilities 
when those issues are addressed.
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1  |  INTRODUCTION

It is well- known that individual differences in processing 
speed predict individual differences in cognitive abili-
ties. Smarter people process information and language 
more quickly and react faster than less intelligent peo-
ple (Chiappe & Chiappe,  2007; Jensen,  2006; Sheppard 
& Vernon,  2008). In general, behavioral measures of 
processing speed and measures of intelligence are mod-
erately and consistently related, typically sharing up to 
10% of variance (Doebler & Scheffler, 2016; Neubauer & 
Knorr, 1997; Schubert, 2019; Sheppard & Vernon, 2008). 
The shared variance between the two constructs increases 
to about 20% to 50% if broad batteries of reaction time 
tasks are used instead of single- task measures (Frischkorn 
et al., 2019; Jensen, 2006; Kranzler & Jensen, 1991; Miller 
& Vernon, 1996; Schubert et al., 2017). Although process-
ing speed is hence known to contribute to individual dif-
ferences in intelligence, the mechanisms through which a 
higher processing speed facilitates reasoning and thinking 
remain largely unknown.

To address this question, recent approaches decom-
posed the neurocognitive processes leading to overt reac-
tion times and related the resulting parameters of these 
processes to cognitive abilities to identify the neurocogni-
tive processes that are most strongly associated with cog-
nitive abilities (e.g., Bazana & Stelmack, 2002; Jungeblut 
et al., 2021; Lerche et al., 2020; McGarry- Roberts et al., 1992; 
Ratcliff et al., 2010, 2011; Schmiedek et al., 2007; Schmitz 
& Wilhelm, 2016; Schubert et al., 2015, 2017, 2021; Troche 
et al., 2009). For this purpose, researchers used the diffu-
sion model (Ratcliff, 1978), a mathematical model of de-
cision making, to estimate parameters of latent cognitive 
processes giving rise to response behavior in experimen-
tal tasks. They consistently found across many different 
studies that more intelligent individuals showed specific 
advantages in the speed of information- uptake, but not 
in the speed of encoding or motor response processes (for 
an overview see Frischkorn & Schubert, 2018; Schubert & 
Frischkorn,  2020). Using the diffusion model, research-
ers conversely demonstrated that older adults performed 
worse in speeded intelligence tests than younger adults 
not because of a slower speed of information- uptake, but 
rather because of slower encoding and motor response 
processes (Schubert et al., 2020; von Krause et al., 2020).

Another approach to decompose continuous 
information- processing into somewhat distinct stages 
is given by the event- related potential (ERP). The ERP 
approach decomposes task- evoked electrophysiological 
activity into functionally, temporally, and topographi-
cally distinct components that are characterized by their 
amplitudes and latencies (Kappenman & Luck,  2011). 
Because ERP components are associated with specific 

cognitive processes, their latencies can be used to make 
inferences about the speed of those cognitive processes. 
Correlations between latencies of ERP components and 
cognitive abilities have been largely inconsistent (Schulter 
& Neubauer, 2005), with evidence gradually emerging for 
a moderately negative relationship between latencies of 
ERP components associated with higher- order cognitive 
processing and cognitive abilities (Euler & Schubert, 2021).

Among studies on the relationship between ERP la-
tencies and intelligence, the P3 component has probably 
received the most attention. The P3 (sometimes called 
P300 or P3b) is a task- evoked ERP component that occurs 
about 300 ms after stimulus onset, has a positive polar-
ity, and is largest at parietal electrode sites (Polich, 2011; 
Verleger,  2020). It has been associated with a num-
ber of higher- order cognitive processes, including the 
transmission and updating of information in working 
memory (Polich,  2007), stimulus evaluation (McCarthy 
& Donchin,  1981), context updating (Donchin,  1981; 
Donchin & Coles,  1988), decision making (O'Connell 
et al., 2018), the reactivation of stimulus– response bind-
ings (Verleger et al.,  2016b), and response facilitation 
(Nieuwenhuis et al.,  2005). The P3 is most frequently 
studied in the oddball task, where the component is elic-
ited by the appearance of a rare non- target stimulus that 
is occasionally interspersed into more frequent target 
stimuli (e.g., Verleger et al.,  2016a). In the oddball task, 
more intelligent participants consistently showed shorter 
P3 latencies than less intelligent ones, with correlations in 
the approximate range from −0.20 to −0.40 (e.g., Bazana 
& Stelmack, 2002; Saville et al., 2016; Troche et al., 2009; 
Walhovd et al., 2005). In other choice reaction time (CRT) 
tasks, however, associations between individual differ-
ences in P3 latencies and intelligence were much less 
consistent (e.g., Euler, 2018; Euler et al., 2017; Houlihan 
et al.,  1998; Jungeblut et al.,  2021; McGarry- Roberts 
et al., 1992; Saville et al., 2016; Schubert et al., 2015, 2018; 
Troche et al., 2017).

There are three factors that may contribute to these 
inconsistencies: (1) Small sample sizes and homogeneous 
sample compositions, (2) a high degree of variation in an-
alytic procedures, and (3) low reliabilities as well as task- 
dependencies of ERP latencies.

Because it takes much longer to collect EEG data than 
it takes to collect behavioral data, samples typically only 
contain up to about 100 participants (for notable excep-
tions see Euler et al., 2017; Kapanci et al., 2019; Schubert 
et al., 2017), with many studies consisting of even fewer 
than 50 participants (e.g., Amin et al., 2015; Caryl, 1994; 
Schubert et al.,  2015, 2018; Sculthorpe et al.,  2009; 
Walhovd et al.,  2005). Those small sample sizes pose a 
serious problem, because correlations in the range of 
0.20 to 0.40 only become stable in samples of at least 
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180 to 240 participants (Schönbrodt & Perugini,  2013). 
Hence, correlations between ERP latencies and cogni-
tive abilities have often been estimated with a large de-
gree of uncertainty. Moreover, many samples consisted 
of undergraduate university students (e.g., Bazana & 
Stelmack, 2002; Caryl, 1994; Jaušovec & Jaušovec, 2000; 
Kapanci et al., 2019; McGarry- Roberts et al., 1992; Russo 
et al., 2008; Schubert et al., 2018; Troche et al., 2009), lim-
iting (at least in more competitive study programs) the 
variance in cognitive abilities and possibly resulting in an 
underestimation of the relationship between ERP laten-
cies and intelligence.

A second problem stems from the many degrees of free-
dom researchers have when analyzing ERP latency data, 
not only regarding the preprocessing of the continuously 
recorded EEG data but also regarding the measurement 
of latencies of ERP components. In general, EEG data 
quality in large individual differences data sets tend to be 
rather poor, because participants often complete a large 
battery of tasks, which limits the number of experimen-
tal trials per task and negatively affects the signal- to- noise 
ratio (Wascher et al., 2022). Moreover, researchers have to 
rely more on automatic preprocessing pipelines and algo-
rithms for artifact detection when analyzing large- scale 
individual- differences data sets than when analyzing 
smaller experimental studies, because visual inspection 
of single trials quickly becomes too time- consuming 
(Wascher et al., 2022). Therefore, analytical choices have a 
large impact on data quality and differences in analytical 
choices may contribute to inconsistencies in the estimated 
relationships between ERP latencies and intelligence 
across different labs.

To reduce their degrees of freedom, researchers should 
use or adapt validated preprocessing pipelines that de-
monstrably improve data quality in large- scale data sets 
(e.g., Bigdely- Shamlo et al.,  2015; Cowley et al.,  2017; 
Gabard- Durnam et al.,  2018; Rodrigues et al.,  2021). 
Moreover, they should choose references, filter cut- offs, 
and latency measures that maximize the reliability as well 
as the factorial, construct, and criterion validity of ERP 
latency estimates. This is easier said than done, however, 
because systematic analyses of best practices for measur-
ing ERP latencies in large- scale datasets are scarce (but 
see Wascher et al. (2022) for a comparison of different la-
tency measures in big noisy data sets). Referencing and 
filtering in particular can have unpredictable effects on 
downstream analyses and may blur electrophysiological 
correlates of cognitive processes in time (Bigdely- Shamlo 
et al., 2015; Rousselet, 2012; Vanrullen, 2011; Widmann & 
Schröger, 2012), but may also positively affect the signal- 
to- noise ratio by removing high- frequency noise and re-
ducing the number of local maxima a component shows 
(Liesefeld,  2018; Luck,  2014). Even more complicated, 

peak latency measures are more strongly affected by high- 
frequency noise than fractional area latency measures 
(Hansen & Hillyard,  1980; Luck,  2014), a phenomenon 
that may result in unexpected interactions between the 
choice of reference, filter cut- off, and latency measure. 
All in all, this brief review illustrates that there is no es-
tablished standard on how to analyze ERP latency data in 
individual differences research, a regrettable state of af-
fairs that inevitably introduces many researcher degrees 
of freedom (Simmons et al., 2011) that contribute to in-
consistencies in the relationship between ERP latencies 
and intelligence across different studies.

A third problem arises from the low reliabilities and 
task- dependencies of ERP latency measures. In a rigorous 
simulation study, Kiesel et al.  (2008) demonstrated that 
the power to detect latency shifts in between- subject de-
signs is generally low, regardless of latency measure, and 
that between- subject effects on ERP latencies can be vir-
tually impossible to detect using single- participant latency 
estimates. Compared to behavioral measures of process-
ing speed, electrophysiological measures show a larger 
heterogeneity of their reliabilities, ranging from −.06 
to  .91 (Cassidy et al., 2012; Morand- Beaulieu et al., 2021). 
Hence, low reliabilities may have contributed to underes-
timations of the relationship between ERP latencies and 
cognitive abilities. Moreover, neural measures of pro-
cessing speed are more task- dependent than behavioral 
measures (Euler & Schubert, 2021; Schubert et al., 2017). 
ERP latencies recorded during three elementary cognitive 
tasks, for example, were shown to contain about as much 
task- specific variance as they contained task- invariant 
variance (Schubert et al.,  2017). In other words, partici-
pants' neural processing speed is not only determined 
by their general processing speed, but also by the speed 
of specific processes tapped by an experimental task. 
Together, the low reliabilities and task- dependencies of 
ERP latency measures have likely muddied the relation-
ship between neural measures of processing speed and 
cognitive abilities.

Taken together, these three issues— (1) Small sample 
sizes and homogeneous sample compositions, (2) a high 
degree of variation in analytic procedures, and (3) low re-
liabilities as well as task- dependencies of ERP latencies— 
pose serious methodological problems limiting the 
consistency and generalizability of findings on the rela-
tionship between ERP latencies and cognitive abilities. In a 
recent but as- of- yet unreplicated study, we addressed these 
issues by collecting EEG data in three elementary cognitive 
tasks from a comparatively large general- population sam-
ple (N = 134) with heterogeneous cognitive abilities and 
modeled ERP peak latencies and their relation to cognitive 
abilities with a latent state– trait model to account for the 
low reliabilities and task- dependencies of ERP latencies 
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(Schubert et al., 2017). The latencies of ERP components 
associated with higher- order cognitive processes (i.e., the 
P2, N2, and P3) explained about 80% of the variance in 
general cognitive abilities, indicating that intelligence 
was specifically associated with the speed of those higher- 
order cognitive processes. This finding has far- reaching 
implications for intelligence research because it suggests 
that the speed of certain neural processes is much more 
closely linked to individual differences in intelligence than 
expected. If both processing speed and working memory 
capacity explain about 80% of the variance in cognitive 
abilities (see Oberauer et al., 2018), then both process pa-
rameters must interact in some way to contribute to rea-
soning ability. This is even theoretically plausible, as the 
N2 and P3 components are elicited by cognitive control 
and memory updating demands (Donchin, 1981; Folstein 
& Van Petten, 2008; Polich, 2007), respectively, which are 
two integral subcomponents of working memory.

However, the sheer magnitude of the correlation be-
tween ERP latencies and cognitive abilities may cast doubt 
on the robustness of this finding. A point estimate of −.89 
is likely an overestimation of the true correlation between 
the two constructs, as effect sizes of such magnitude are 
extremely rare in individual differences research (Gignac 
& Szodorai,  2016). Gignac and Szodorai  (2016) summa-
rized 345 meta- analytically derived correlations disat-
tenuated for imperfect reliability that were published in 
six individual differences journals. They found that only 
12% of those correlations were equal to or larger than  .50. 
Given that correlations of a magnitude of .89, even latent 
ones, are rare and given the comparatively high but still 
moderate sample size of our previous study, we consid-
ered it of utmost importance to replicate this main finding 
in an independent sample. Moreover, given the impact 
that analytical choices can have on the results of EEG 
studies, we also considered it critical to assess how the cor-
relation between ERP latencies and cognitive abilities and 
the interrelations between ERP latencies across different 
tasks and components may vary as a function of analytical 
choices.

The aims of the present study were therefore threefold: 
We collected data from an independent sample of 151 par-
ticipants with heterogeneous cognitive abilities who com-
pleted three elementary cognitive tasks to replicate the 
previously found substantial relationships between P2, 
N2, and P3 latencies with cognitive abilities. Moreover, 
we used a multiverse approach to investigate how differ-
ent analytical choices regarding references, low- pass filter 
cutoffs, and latency measures affected these relationships 
to evaluate the robustness and generalizability of the as-
sociation between neural processing speed and cognitive 
abilities. Finally, we also analyzed how these different 
analytical choices affected the psychometric properties 

of ERP latency estimates to develop recommendations 
for determining ERP latencies in future individual dif-
ferences research. In particular, we evaluated how an-
alytical choices affected the reliabilities of ERP latency 
estimates and their interrelations across different tasks 
and components.

2  |  METHOD

2.1 | Participants

We recruited participants via local newspaper advertise-
ments, announcements on our website, distribution of fly-
ers, and the departmental participant pool. A sample of 
N = 151 participants between 18 and 60 years from differ-
ent educational and occupational backgrounds completed 
three elementary cognitive tasks and a psychometric test 
battery distributed over three measurement sessions. Of 
those participants, 142 (94.04%) completed both EEG 
measurement sessions and 139 of those participants 
(91.39%) additionally completed a psychometric testing 
session. We did not use data from three participants who 
discontinued the study as per their request.

The remaining sample of 148 participants (96 fe-
males, 51 males, one other) had a mean age of M = 31.52 
(SD  =  13.91). As their highest educational degree, four 
participants had attained middle maturity, six partici-
pants had attained a university entrance qualification for 
applied sciences, 81 participants had attained a univer-
sity entrance qualification, 18 participants had attained a 
university of applied sciences degree, 37 participants had 
attained a university degree, and two participants had at-
tained a PhD. The majority of participants were currently 
enrolled as university students (N =  87). Of the rest, 38 
participants were employed, ten participants were self- 
employed, four participants were high- school students, 
three participants were homemakers, three participants 
were retired, two participants performed voluntary work, 
and one participant was unemployed.

A minimum sample size of N = 72 would be needed to 
test the hypothesis of close fit (H0: ε ≤ .05, H1: ε ≥ .10) as 
suggested by Browne and Cudeck (1992) for the structural 
equation model shown in Figure  1 (df  =  78), an alpha 
error of α =  .05, and a power of 1 − β =  .80. The actual 
sample size of 148 participants yielded a power of 99% to 
test the hypothesis of close fit.

All participants had normal or corrected to normal 
vision and no mental illness. Participants signed an in-
formed consent form prior to their participation. They 
received 75 € and could receive feedback about their intel-
ligence test results as reward for their participation. The 
study was approved by the ethics committee of the faculty 
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of behavioral and cultural studies, Heidelberg University. 
All procedures were conducted in accordance with the 
declaration of Helsinki.

2.2 | Material

2.2.1 | Elementary cognitive tasks

Choice reaction time task
In each trial, participants saw two adjacent gray squares 
in the center on a black screen while their index fingers 
rested on the “D” and “L” keys of a standard keyboard. 
A fixation cross was shown between squares. After 1000– 
1500 ms, a gray cross appeared in one of the two squares 
and participants had to indicate its location by pressing 
the corresponding left or right key. The cross appeared 
equally often in each of the two squares. It was shown 
until participants responded, but at least for 1000 ms and 
at most for 3000 ms, followed by an inter- trial interval 
that consisted of a black screen and lasted 1000– 1500 ms. 
Trials were randomized, with no target location repeated 
more than three times in a row. Participants completed 20 
practice trials with feedback and 100 experimental trials 
without feedback.

Sternberg memory scanning task
In each trial, participants viewed a memory set of five 
gray digits (0– 9) that were presented sequentially for 
400– 1000 ms with a blank inter- stimulus interval of 
400– 600 ms on a black screen. After the final digit was 
presented, participants saw a black screen with a gray 
question mark for 1800– 2200 ms. Subsequently, they were 
shown a single digit as a memory probe and had to de-
cide whether the digit had been included in the previously 
presented memory set by pressing the “D” or “L” key on 
a standard keyboard. The memory probe was part of the 

previously presented memory set in 50% of the trials. The 
digit was shown until participants responded, but at least 
for 1000 ms and at most for 3000 ms, followed by an inter- 
trial interval that consisted of a black screen and lasted 
1000– 1500 ms. Trials were randomized, with none of the 
conditions (match vs. no match) occurring more than 
three times in a row and none of the probe stimuli occur-
ring twice in a row. Participants completed 20 practice 
trials with feedback and 100 experimental trials without 
feedback.

Posner letter matching task
In each trial, participants saw a pair of gray letters on 
a black screen and had to decide if their names were 
identical by pressing the “D” or “L” key on a standard 
keyboard. Letters were identical in 50% of the trials. 
Following the presentation of a gray fixation cross shown 
for 1000– 1500 ms, the pair of letters was shown until par-
ticipants responded, but at least for 1000 ms and at most 
for 3000 ms, followed by an inter- trial interval that con-
sisted of a black screen and lasted 1000– 1500 ms. Trials 
were randomized, with none of the conditions (name- 
identical vs. not name- identical) occurring more than 
three times in a row. Participants completed 20 practice 
trials with feedback and 120 experimental trials without 
feedback.

2.2.2 | Berlin intelligence structure test

Participants completed the short version of the Berlin 
Intelligence Structure Test (BIS) (Jäger et al., 1997) as a 
measure of general intelligence. The short version of the 
BIS distinguishes between four operation- related compo-
nents (processing capacity, processing speed, memory, 
creativity) and three content- related components (verbal, 
numerical, figural). Each of the 15 subtests assesses dif-
ferent combinations of the components. For our analyses, 
we calculated participants' operation- related component 
scores by aggregating the normalized z- scores of all sub-
tests measuring the respective component. Participants 
had a mean test score of M  =  97.09 (SD  =  10.61).1 
Participants had a mean processing capacity score of 
M = 101.61 (SD = 7.12), a mean processing speed score of 
M  =  101.14 (SD  =  7.12), a mean memory score of 
M  =  98.59 (SD  =  7.16), and a mean creativity score of 
M = 98.15 (SD = 6.97). The four subscales showed low- to- 
moderate internal consistencies, ranging from α = .45 to 
α = .75.

 1Please note that the BIS is normed to a mean value of 100 and a SD of 
10.

F I G U R E  1  Illustration of path model. Path coefficients of 
solid links were fixed to one; path coefficients of dashed lines were 
estimated freely. Residuals of manifest variables are not shown. C, 
creativity; CRT, choice reaction time; ERP, event- related potential; 
g, general intelligence; M, memory; PC, processing capacity; PLM, 
Posner letter matching; PS, processing speed; SMS, Sternberg 
memory scanning.
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2.3 | Procedure

Participants completed three measurement session 
that lasted about 3– 3.5  h each and were about four 
months apart. Due to a two- month break in data col-
lection at the outbreak of COVID- 19, some partici-
pants had to be rescheduled, resulting in longer gaps 
between measurement sessions. At the first measure-
ment session, participants filled out a demographic 
questionnaire and completed the Sternberg memory 
scanning (SMS) task while their EEG was recorded. 
At the second measurement session, they completed 
the CRT and Posner letter matching (PLM) tasks while 
their EEG was recorded. At each of those measure-
ment sessions, participants also completed a num-
ber of other cognitive tasks not reported here (see 
Schubert et al., 2022). During EEG recordings, partici-
pants were seated in a dimly lit, sound- attenuated, and 
electrically shielded EEG cabin. At the third measure-
ment session, participants completed a psychometric 
test battery in groups of up to four participants. The 
test battery consisted of the short version of the BIS, 
two brief highly speeded intelligence tests (data not 
reported here), a working memory test battery (data 
not reported here), a pretzel task (data not reported 
here), and a mind- wandering questionnaire (data not 
reported here). One participant completed the BIS via 
video chat because they were unwilling to visit the lab 
for the final measurement session due to concerns re-
lated to COVID- 19.

2.4 | EEG recording

The EEG was recorded with 32 equidistant Ag- AgCl elec-
trodes, with aFz as a ground electrode. Impedances were 
kept below 5 kΩ. Electrodes were online referenced to Cz 
and later rereferenced either to an average reference or 
to linked mastoids. The EEG signal was recorded contin-
uously with a sampling rate of 1000 Hz. EEG data from 
two participants recorded during the first measurement 
session and four participants recorded during the second 
measurement session had to be discarded due to record-
ing errors.

2.5 | Data preprocessing

2.5.1 | Behavioral data

For each task, we discarded any trials with logarithmized 
RTs exceeding ±3 SD of each participant's mean RT. 
Subsequently, we calculated the mean RT of correct tri-
als and the accuracy rate per participant for each of the 
three tasks and z- standardized those variables for further 
analyses.

2.5.2 | EEG data

We preprocessed the EEG data with the open source tool-
box EEGLAB (Delorme & Makeig, 2004) in MATLAB (The 
MathWorks Inc., Natick, Massachusetts). We introduced 
three experimental factors into the preprocessing of EEG 
data to analyze how variations in those factors affected the 
factor structure of ERP latencies and their relationship 
with intelligence: We systematically varied (a) the upper 
limit of the low- pass filter (8  Hz vs. 16 Hz vs. 32 Hz), (b) 
the offline reference (average reference vs. linked mastoids), 
and (c) the method of latency estimation (peak latency vs. 
50% fractional area latency), resulting in a combined total 
of twelve different preprocessing pipelines (see Table 1 for 
an overview of the twelve combinations).

We first discarded any incorrect trials and trials with 
logarithmized RTs exceeding ±3 SD of each participant's 
mean RT. Continuous EEG data were filtered with a sec-
ond order infinite impulse response (IIR) Butterworth 
band- pass filter with cutoff frequencies of 0.1– 8 Hz, 0.1– 
16 Hz, or 0.1– 32 Hz (corresponding to the experimental 
factor low- pass filter) and 12 dB/octave roll- off. Data were 
then down- sampled to 500 Hz. We created separate data 
sets for independent- component analyses (ICA) with the 
data down- sampled to 200 Hz and filtered with a high- 
pass filter of 1 Hz instead of 0.1 Hz to optimize the de-
composition quality. The following preprocessing steps 
were then applied to both data sets. Bad channels were 
identified, subsequently removed, and later interpolated if 
they showed a flatline for longer than 5 s, more line noise 
relative to their signal than four standard deviations, or 
were weakly (i.e., r < .80) correlated to their neighboring 

T A B L E  1  Overview of the different combinations of preprocessing steps

8 Hz low- pass filter 16 Hz low- pass filter 32 Hz low- pass filter

Average reference Peak latency 50% FA latency Peak latency 50% FA latency Peak latency 50% FA latency

Linked mastoids Peak latency 50% FA latency Peak latency 50% FA latency Peak latency 50% FA latency

Abbreviation: FA, fractional area.
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channels. Data were then offline re- referenced to an av-
erage reference or to linked mastoids (corresponding to 
the experimental factor reference). Segments were 1200 ms 
long and started 200 ms before stimulus onset. Artifact- 
containing segments were automatically detected and 
rejected with 1000 μV as the threshold for detecting large 
fluctuations, 5 SDs as the probability threshold for the 
detection of improbable data, and 5% as the maximum 
number of segments to be rejected per iteration. We then 
conducted an ICA of the separate data set down- sampled 
to 200 Hz and applied the decomposition matrices to the 
data set down- sampled to 500 Hz to identify and remove 
artifacts and generic discontinuities with the ICLabel al-
gorithm (Pion- Tonachini et al.,  2019). Subsequently, we 
repeated the automatic detection and rejection of artifact- 
containing segments using the same specifications as 
before to remove any remaining artifacts and further im-
prove data quality.

We then calculated each participant's ERP separately 
for each of the three tasks, for each of the three low- pass 
filter conditions, and for each of the two reference con-
ditions by averaging across all trials of the respective 
task. We determined the latency of the P2 component at 
the fronto- central electrode on the midline, and of the 
N2 and P3 components at the parietal electrode on the 
midline. Those electrode positions were chosen in accor-
dance with previous research (see Schubert et al., 2017, 
2018, 2021). The on-  and offset of each participant's 
ERP components were identified in a semi- automated 
manner because a fully automated detection procedure 
yielded spurious and unreliable latency estimates, likely 
due to substantial interindividual variability in the tim-
ing of ERP components. We visually inspected each 
participant's ERP separately for each of the three tasks, 
the three components, and the twelve combinations of 
preprocessing steps to confirm that the time windows 
identified in the grand averages contained the specific 
participant's ERP components. If so, we used the auto-
matically determined latency measure; if not, we man-
ually adjusted the time window to include the ERP 
component. If participants exhibited two comparably 
large component peaks instead of just one, we calculated 
the average of the two peak latencies as an estimate of 
their ERP peak latency for that component. We applied 
two methods, peak latencies and 50% fractional area la-
tencies (corresponding to the experimental factor method 
of latency estimation), to determine the latencies of ERP 
components. The peak latency measure reflects the time 
point at which an ERP component reaches its maximum, 
whereas the 50% fractional area latency measure reflects 
the time point that divides the area under the curve of an 
ERP component into two regions of equal area (Hansen 
& Hillyard, 1980; Kiesel et al., 2008; Lopez- Calderon & 

Luck,  2014). Latency estimates were z- standardized for 
further analyses.

2.6 | Data analysis

We used structural equation models to evaluate the facto-
rial structure and psychometric properties of ERP latency 
estimates across components and tasks and to estimate 
their latent correlation with participants' general intelli-
gence. For this purpose, we specified hierarchical models 
separately for ERP latency estimates of each of the twelve 
different combinations of preprocessing steps as illus-
trated in Figure 1.

Models were fitted with the R package lavaan 
(Rosseel, 2012) with the maximum likelihood algorithm 
with robust Huber- White standard errors and a scaled 
test statistic equal to the Yuan- Bentler test statistic to ac-
count for the nonnormality of some variables and possi-
ble deviations from multivariate normality. In some cases, 
non- significant residual variances were estimated to have 
values below zero; in those cases, we refitted the model 
with the corresponding residual variances fixed to zero.

We evaluated goodness- of- fit based on the comparative 
fit index (CFI; Bentler, 1990) and the root mean square error 
of approximation (RMSEA; Browne & Cudeck, 1992) and 
compared model fits with likelihood ratio tests. We con-
sidered CFI values >.90 and RMSEA values <.08 to indi-
cate acceptable model fit and CFI values >.95 and RMSEA 
values <.06 to indicate good model fit, as recommended 
by Browne and Cudeck (1992) and Hu and Bentler (1999). 
The statistical significance of model parameters was as-
sessed with the two- sided critical ratio test.

2.7 | Data and code availability

The data and code supporting the findings of the study are 
available in the Open Science Framework repository at 
https://osf.io/3wud6/.

3  |  RESULTS

Descriptive statistics of behavioral data and ERP latencies 
are shown in Tables 2 and S1, respectively. The grand av-
erages of the ERPs are shown in Figure 2.

ERP latencies showed moderate convergent validities 
across the twelve preprocessing pipelines (see Tables S2– 
S10). Correlations between latency estimates derived from 
different preprocessing pipelines ranged from r  =  .02 to 
r = .97 with an average correlation of r = .52 between la-
tency estimates. There was no experimental task or ERP 

 14698986, 2023, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/psyp.14165 by U

niversitätsbibliothek M
ainz, W

iley O
nline L

ibrary on [27/01/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense

https://osf.io/3wud6/


8 of 21 |   SCHUBERT et al.

component that stood out from the rest by showing a no-
ticeably lower or higher convergent validity across the 
twelve preprocessing pipelines than the other tasks or 
components. On average, only about 27% of variance was 
shared between latency measures across different pre-
processing pipelines. This implies that choosing any spe-
cific combination of low- pass filter, offline reference, and 
method of latency estimation has a substantial impact on 
downstream analyses and should therefore be given care-
ful consideration.

To evaluate how preprocessing affected the relation-
ship between ERP latencies and cognitive abilities and 
the psychometric properties of ERP latency variables, we 

estimated structural equation models separately for la-
tency estimates of each of the twelve different combina-
tions of preprocessing steps. All models for ERP latency 
variables estimated from EEG data referenced to an aver-
age reference provided an at least acceptable account of 
the data (95.21 ≤ χ2 ≤ 140.15, .000. ≤ p ≤ .078, .77 ≤ CFI ≤ .94, 
0.04 ≤ RMSEA ≤ 0.07).

However, the models for ERP latency variables esti-
mated from EEG data referenced to linked mastoids did 
not provide an acceptable account of the data and did in 
some cases not even converge. An inspection of the covari-
ance matrices of the manifest variables revealed that P2 la-
tency measures were not or only weakly related to N2 and 

F I G U R E  2  Grand averages of the event- related potentials.

T A B L E  2  Means (SDs in brackets) of accuracy rates and response times (in milliseconds)

CRT task SMS task PLM task

n = 136 n = 143 n = 140

RT ACC RT ACC RT ACC

383.55 (50.29) 1.00 (0.01) 918.94 (230.88) 0.96 (0.04) 707.89 (125.93) 0.97 (0.02)

Abbreviations: CRT, choice reaction time; PLM, Posner letter matching; SMS, Sternberg memory scanning.
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   | 9 of 21SCHUBERT et al.

P3 latency measures. We therefore modified those models 
by having the general ERP factor load only onto N2 and P3 
latencies and by having the task- specific factors load only 
onto the respective N2 and P3 latencies. These modifica-
tions improved model fit notably (79.87 ≤ χ2 ≤ 103.54, .033. 
≤ p ≤ .420, .94 ≤ CFI ≤ 1.00, 0.05 ≤ RMSEA ≤ 0.08).

3.1 | How robust is the relationship 
between ERP latencies and cognitive 
abilities?

Latent correlations between the general ERP latency fac-
tor and the latent cognitive ability factor ranged from 
r = −.49 to r = −.78 (see Figure 3), amounting to between 
24.01% and 60.84% of shared variance between the general 
ERP latency factor and cognitive abilities (see Table S11 
for the manifest correlations between ERP latencies and 
intelligence test scores).2 Confidence intervals were over-
lapping between latent correlations, which indicates that 
there was no above- chance difference in latent correla-
tions across the different combinations of preprocessing 
steps. In general, confidence intervals were quite large, 
indicating substantial estimation uncertainty in correla-
tion estimates. Descriptively, correlations between ERP 
latencies and cognitive abilities were largest when data 
were rereferenced to an average reference and low- pass 
filtered with a 16 Hz filter. Because we could not 

successfully identify a latent general ERP factor in the 
models with latency estimates from data low- pass filtered 
with a 32 Hz filter, we could not estimate latent correla-
tions between the latent general ERP factor and partici-
pants' cognitive abilities for this particular condition.

To ensure that correlations between ERP latencies 
and cognitive abilities were not overestimated due to 
age differences being related to both measures, we re-
peated these analyses controlling for age differences. 
Latent correlations between ERP latencies and cognitive 
abilities changed on average only by Δr = .01 and still 
ranged from r = −.52 to r = −.77 when controlling for 
age differences. These results are consistent with previ-
ous research (Schubert et al., 2020) and indicate that the 
correlation between ERP latencies and cognitive abili-
ties was not overestimated due to the broad age range of 
our sample.

Because a relatively large amount of variance in ERP 
latency estimates could be attributed to task- specific fac-
tors (see below), we ensured that those task- specific fac-
tors did not significantly explain any variance in the latent 
cognitive ability factor beyond the general ERP latency 
factor.

Conversely, we also checked if component- specific fac-
tors explained any variance in the latent cognitive ability 
factor beyond the general ERP latency factor and found 
that results differed depending on reference schemes. 
When EEG data were rereferenced to an average reference, 
the latent P3 latency factor explained significant variance 
in cognitive abilities beyond the general ERP latency fac-
tor in two of four cases. When peak latencies were esti-
mated from data low- pass filtered with an 8 Hz filter, P3 

 2Note that the general ERP factor loaded onto P2, N2, and P3 latencies 
for data rereferenced to an average reference (see Figure 1), but only 
onto N2 and P3 latencies for data rereferenced to linked mastoids.

F I G U R E  3  Latent correlation between the general ERP latency factor and cognitive abilities. FA, fractional area. Correlations for EEG 
data filtered with a 32 Hz low- pass filter are not shown because the variance of the latent ERP variable was not significant. Error bars show 
95% confidence intervals around point estimates.
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latencies significantly predicted cognitive abilities beyond 
the general ERP latency factor, rP3,gf = −.47, p = .004, 95% 
CI  =  [−.74; −.19], which was still significantly related 
to participants' cognitive abilities as well, rERP,gf  =  −.50, 
p = .006, 95% CI = [−.73; −.26]. Including the latent cor-
relation between P3 latencies and cognitive abilities in the 
model significantly improved model fit, ∆χ2(1)  =  19.60, 
p < .001. When 50% fractional area latencies were esti-
mated from data low- pass filtered with a 16 Hz filter, P3 
latencies significantly predicted cognitive abilities beyond 
the general ERP latency factor, rP3,gf = −.39, p = .024, 95% 
CI  =  [−.69; −.08], which was still significantly related 
to participants' cognitive abilities as well, rERP,gf  =  −.58, 
p = .013, 95% CI = [−.89; −.27]. Including the latent cor-
relation between P3 latencies and cognitive abilities in 
the model significantly improved model fit, ∆χ2(1) = 8.49, 
p = .004.

When EEG data were rereferenced to linked mastoids, 
the latent P2 latency factor explained significant variance 
in cognitive abilities beyond the general ERP latency fac-
tor in all but two cases. This latent correlation was already 
included in all estimated models because P2 latencies did 
not load onto the general ERP factor. Latent correlations 
between the P2 latencies and cognitive abilities ranged 
from r = −.32 to r = −.44, all ps ≤ .015, except when ei-
ther peak or 50% fractional area latencies were estimated 
from data low- pass filtered with a 32 Hz filter, all rs ≥ −.15. 
and all ps ≥ .246. The latent N2 and P3 latency factors did 
never explain any significant variance in cognitive abili-
ties beyond the general ERP latency factor in EEG data 
referenced to linked mastoids.

3.2 | Psychometric properties of 
ERP latencies

To evaluate the psychometric properties of ERP latency 
estimates, we evaluated separately for each model how 
much of the total variance in latency estimates could 
be accounted for by a general ERP factor, a component- 
specific factor, and a task- specific factor (see Figure  4). 
Finally, we assessed the reliability of latency estimates by 
calculating the amount of their variance accounted for by 
those latent factors.

3.2.1 | How much of the variance in ERP 
latencies can be accounted for by a general 
factor across components and tasks?

Across all twelve different combinations of preprocessing 
steps, 11.01% of variance (SD = 8.28%) could be accounted 
for by a general latent factor across components and tasks 

(see the areas shaded in teal in Figure 4). This psychomet-
ric property was affected by the choice of low- pass filter 
and offline reference, but not by the method of latency 
estimation.

Lowering the upper value of the low- pass filter sys-
tematically increased the amount of variance accounted 
for in latency estimates by a general latent factor across 
components and tasks: Whereas only on average 6.64% 
(SD  =  5.57%) of the variance was accounted for by a 
general factor when EEG data were filtered with a low- 
pass filter of 32 Hz, on average 11.72% (SD = 6.27%) of 
variance was accounted for by a general factor when 
EEG data were filtered with a low- pass filter of 16 Hz, 
and on average 14.67% (SD  =  10.27%) of variance was 
accounted for by a general factor when EEG data were 
filtered with a low- pass filter of 8 Hz. In addition, more 
variance in latency estimates could be attributed to a 
general latent factor across components and tasks when 
EEG data were offline rereferenced to an average refer-
ence (M = 14.59%, SD = 8.78%) than when they were re-
referenced to linked mastoids (M = 7.43%, SD = 5.95%). 
In comparison, the choice of latency estimate had only 
little influence on the results, with on average 11.20% 
(SD = 9.15%) of the variance in peak latency estimates 
and on average 10.81% (SD = 7.39%) of the variance in 
50% fractional area latency estimates accountable for by 
a general factor.

3.2.2 | How much of the variance in ERP 
latencies can be accounted for by component- 
specific factors?

Across all twelve different combinations of preprocess-
ing steps, 13.31% of variance (SD = 14.08%) could be ac-
counted for by component- specific factors (see the areas 
shaded in cyan blue in Figure 4). This psychometric prop-
erty was most strongly affected by the choice of offline 
reference, whereas it was only moderately affected by the 
choice of low- pass filter and only hardly affected by the 
method of latency estimation.

Much more variance in ERP latency estimates could be 
attributed to component- specific factors when EEG data 
were offline rereferenced to linked mastoids (M = 17.11%, 
SD = 17.78%) than when they were rereferenced to an av-
erage reference (M = 9.52%, SD = 7.42%). In addition, more 
variance in ERP latency estimates could be accounted for 
by component- specific factors when EEG data were fil-
tered with a 32 Hz (M = 14.69%, SD = 14.89%) or a 16 Hz 
(M = 14.25%, SD = 16.21%) low- pass filter than when they 
were more strongly filtered with an 8 Hz low- pass filter 
(M = 11.00%, SD = 10.65%). Yet again, the choice of la-
tency estimate had only little influence on the results, with 
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on average 12.06% (SD = 13.75%) of the variance in peak 
latency estimates and on average 14.57% (SD = 14.57%) of 
the variance in 50% fractional area latency estimates ac-
counted for by a component- specific factors.

3.2.3 | How much of the variance in ERP 
latencies can be accounted for by task- invariant 
factors?

Adding the amount of variance accounted for by a gen-
eral factor across components and tasks to the amount 
of variance accounted for by component- specific factors 
yields the amount of variance in ERP latency estimates 
that is consistent across tasks. In the present study, the 
amount of variance in ERP latency estimates consistent 
across tasks ranged on average from 21.33% to 25.39%. 
This result indicates that the specific choice of preproc-
essing steps has little influence on how much variance 
in ERP latencies is consistent across tasks, but that it 
rather affects the ratio of task- invariant variance ac-
counted for by component- invariant and component- 
specific factors.

3.2.4 | How much of the variance in ERP 
latencies can be accounted for by task- specific 
factors?

Across all twelve different combinations of preprocess-
ing steps, 24.11% of variance (SD = 21.16%) could be ac-
counted for by task- specific factors (see the areas shaded 
in dark blue in Figure 4). This psychometric property was 
most strongly affected by the choice of offline reference, 
whereas it was only moderately affected by the choice of 
low- pass filter and only hardly affected by the method of 
latency estimation.

Much more variance in ERP latency estimates could 
be attributed to task- specific factors when EEG data were 
offline rereferenced to linked mastoids (M  =  32.15%, 
SD  =  26.81%) than when they were rereferenced to an 
average reference (M  =  18.48%, SD  =  12.96%). In addi-
tion, we observed a non- linear effect of low- pass filter-
ing: When EEG data were filtered with a 16 Hz low- pass 
filter, on average 19.17% (SD  =  17.29%) of variance was 
accounted for by task- specific factors, whereas on aver-
age 26.81% (SD = 22.61%) and 26.36% (SD = 22.83%) of 
variance was accounted for by task- specific factors when 

F I G U R E  4  Amount of variance in ERP latencies explained by latent factors in structural models. CRT, choice reaction time; FAL, 50% 
fractional area latency; PL, peak latency; PLM, Posner letter matching; ref., reference; SMS, Sternberg memory scanning.
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EEG data were filter with a 8 Hz or 32 Hz low- pass filter, 
respectively. Yet again, the choice of latency estimate had 
only little influence on the results, with on average 24.20% 
(SD = 21.31%) of the variance in peak latency estimates 
and on average 24.02% (SD = 21.21%) of the variance in 
50% fractional area latency estimates accounted for by 
task- specific factors.

3.2.5 | How reliable are ERP latencies?

We estimated reliabilities by calculating the amount of 
variance in manifest latency estimates accounted for by 
the general factor, the component- specific factors, and the 
task- specific factors. On average, ERP latencies were only 
moderately reliable (M = 0.48, SD = 0.17). However, they 
also showed considerable variability in their reliabilities, 
ranging from 0.20 to 0.85 (see the overall height of bars in 
Figure 4).

Of the three preprocessing components varied in the 
present study, the choice of offline reference had the larg-
est effect on reliabilities, as reliabilities tended to be about 
1.4 times larger when EEG data were rereferenced with 
linked mastoids (M  =  0.57, SD  =  0.18) than when they 
were rereferenced with an average reference (M  =  0.41, 
SD = 0.13). The choice of low- pass filter only had a moder-
ate effect on reliabilities: ERP latencies showed an average 
reliability of 0.52 (SD = 0.17) when filtered with an 8 Hz 
filter, an average reliability of 0.45 (SD = 0.16) when fil-
tered with a 16 Hz filter, and an average reliability of 0.48 
(SD = 0.18) when filtered with a 32 Hz filter. The choice of 
latency estimate did not strongly affect reliabilities, with 
an average reliability of 0.47 (SD = 0.18) for peak latency 
estimates and an average reliability of 0.49 (SD = 0.17) for 
50% fractional area latency estimates.

Reliability estimates also varied across experimental 
tasks and ERP components. Compared across the three 
different tasks, they were highest for ERP latencies in the 
SMS task (M = 0.59, SD = 0.16), second highest ERP la-
tencies in the PLM task (M = 0.47, SD = 0.18), and lowest 
for ERP latencies in the CRT task (M = 0.39, SD = 0.12). 
Compared across the three ERP components, they were 
highest for P3 latencies (M  =  0.55, SD  =  0.19), second 
highest for N2 latencies (M = 0.49, SD = 0.18), and lowest 
for P2 latencies (M = 0.41, SD = 0.10). It is important to 
note, however, the N2 and P3 latencies were determined at 
the same parietal electrode site, whereas P2 latencies were 
determined at a frontal electrode site.

Taken together, these results illustrate that the choice of 
offline reference, the choice of upper limit for the low- pass 
filter, the choice of task, and the specific ERP component 

studied had considerable effects on the reliabilities of ERP 
latencies.

4  |  DISCUSSION

We replicated the previously found large relationships 
between P2, N2, and P3 latencies and cognitive abilities 
(Schubert et al., 2017) in an independent sample and eval-
uated the robustness of the relationship between neural 
processing speed and cognitive abilities by assessing how 
it was affected by different analytical choices regarding 
references, low- pass filter cutoffs, and latency measures 
using a multiverse approach. In addition, we also ana-
lyzed how these different analytical choices affected the 
psychometric properties of ERP latency estimates to de-
velop recommendations for using ERP latencies in future 
individual differences research.

In general, multiverse analysis addresses the one- to- 
many mapping from theories to statistical hypotheses and 
their auxiliary assumptions by providing a detailed picture 
of how strongly conclusions depend on certain analytical 
choices (Harder,  2020; Steegen et al.,  2016). Multiverse 
approaches of data preprocessing pipelines have become 
increasingly popular in EEG research (e.g., Clayson 
et al., 2021; Dien, 2017; Hagemann et al., 1998; Klawohn 
et al., 2020; Nikolin et al., 2022; Sandre et al., 2020; Šoškić 
et al.,  2022; Wascher et al.,  2022; Williams et al.,  2021), 
because they allow evaluating how the large number of 
analytical choices readily available to researchers may af-
fect the consistency of their results and the reliabilities of 
their measures. In the present study, we applied a mul-
tiverse analysis of EEG data in the context of individual 
differences research, where goals of data preprocessing 
may differ substantially from experimental research. In 
particular, individual differences researchers aim to in-
crease the convergent and criterion validity of measures, 
whereas experimental researchers aim to maximize the 
effect size of experimental effects. Moreover, the former 
strive to measure variables with high temporal stabilities, 
high consistencies, and high reliabilities, and to maxi-
mize between- subject variance in variables, whereas the 
latter tend to measure state-  and task- specific variables 
and typically strive to minimize uncontrolled between- 
subject variance in variables. Taking a dedicated individ-
ual differences perspective, the present study focused on 
the criterion validity of ERP latencies, which we assessed 
based on their correlation with individual differences in 
cognitive abilities, and their psychometric properties (i.e., 
consistencies and reliabilities) to evaluate the robustness 
of the relationship between neural processing speed and 
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cognitive abilities and to develop recommendations for 
future research on individual differences in ERP latencies.

4.1 | Evidence for a robust and strong 
correlation between neural processing 
speed and cognitive abilities

The most important finding of the present study is that 
there is a substantial, replicable, and robust relationship 
between latencies of ERP components associated with 
higher- order processing and cognitive abilities. As argued 
by Oreskes (2019), the convergence of results across dif-
ferent methods generally speaks to the trustworthiness of 
scientific findings. We were able to replicate our earlier 
results by demonstrating that the previously estimated 
latent correlation of r  =  −.89 was contained in the 95% 
CI of the latent correlation estimated in the present study 
when EEG data were preprocessed in the same way as in 
our previous study (Schubert et al., 2017). Moreover, and 
more importantly, the multiverse analysis demonstrated 
that a large latent relationship between ERP latencies and 
cognitive abilities could be consistently observed irrespec-
tive of the specific combination of preprocessing steps, as 
long as the model included a latent general factor of ERP 
latencies. Across all combinations of preprocessing steps 
where this was the case, we observed an average latent 
correlation of r = −.59 and a range of latent correlations 
from r = −.49 to r = −.78. In other words, individual dif-
ferences in ERP latencies explained between 24% and 61% 
of variance in individual differences in cognitive abilities 
across different methods.

Our finding has important implications for theories of 
human intelligence differences because it suggests that 
the speed of ERP components associated with higher- 
order cognitive processes is strongly and robustly related 
to individual differences in reasoning. Hence, process the-
ories of general intelligence need to either explain how a 
higher speed of neural information processing facilitates 
reasoning or which third variable may give rise to the as-
sociation between neural processing speed and general 
intelligence. We previously found that an experimental 
increase in neural processing speed by nicotine adminis-
tration did not result in a concomitant increase in intel-
ligence test performance (Schubert et al.,  2018), which 
indicates that a third variable (e.g., structural or func-
tional brain properties) affects both the speed of neural 
processing and general intelligence. Candidate variables 
may be structural and functional properties of brain net-
works associated with higher- order cognitive processes 
that are not easily altered by one- time changes in neu-
rotransmitter concentration. Research on the structural 
and functional connectivity within and between regions 

support this idea, because measures of white matter tract 
integrity and functional connectivity within and between 
frontoparietal brain regions have been repeatedly associ-
ated with individual differences in behavioral or neural 
processing speed (Ferrer et al.,  2013; Kievit et al.,  2016; 
Penke et al.,  2012; Schubert et al.,  2021) and with indi-
vidual differences in cognitive abilities (Booth et al., 2013; 
Cole et al., 2012; Fuhrmann et al., 2020; Hilger et al., 2017; 
Kievit et al.,  2016; Pineda- Pardo et al.,  2016; Schubert 
et al., 2021; Tamnes et al., 2010; Wendelken et al., 2017). 
Overall, these findings support the idea that a higher 
structural and functional connectivity of frontoparietal 
brain networks positively affects the speed of neural infor-
mation processing, which in turn positively affects the ef-
ficiency of intermediate cognitive processes by facilitating 
the transfer of information between frontal attention and 
working memory processes and temporal– parietal pro-
cesses of memory storage, which in turn positively affects 
reasoning ability (Schubert & Frischkorn, 2020). Whether 
this neurocognitive process cascade stands at the center 
of the positive manifold or is only one of several processes 
contributing to its emergence remains an open question 
(Kovacs & Conway, 2016).

4.2 | Recommendations for future 
studies on individual differences in 
ERP latencies

Based on the results of our multiverse analysis, we can 
develop recommendations for the design of studies, and 
the preprocessing and data analysis of EEG data in future 
research on individual differences in ERP latencies. We 
found that on average only about 27% of variance was 
shared between latency measures across different pre-
processing pipelines, which implies that choosing any 
specific combination of preprocessing steps has a substan-
tial impact on downstream analyses and should therefore 
be done deliberately.

First, we cannot stress enough the need to either model 
ERP latencies as latent variables or to calculate aggregate 
measures to account for the low reliabilities and substan-
tial task- specificities of single ERP latency measures. ERP 
latencies showed an average reliability of 0.48, which is 
much lower than reliabilities of behavioral tasks or cog-
nitive task batteries. To make matters worse, on average 
only 21% to 26% of variances in single ERP latency mea-
sures could be attributed to task- invariant factors (i.e., 
the general ERP latency factor or component- specific 
factors), whereas about the same amount of variance (on 
average 24%) could be attributed to task- specific factors. 
Those task- specific factors were unrelated to individual 
differences in cognitive abilities and should therefore be 
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considered as nuisance factors in this specific research 
context (this may clearly differ for other research ques-
tions). In other words, ERP latency measures contained 
about equal parts of measurement error variance and 
systematic variance, and only about half of the system-
atic variance was related to individual differences in cog-
nitive abilities, whereas the other half reflected nuisance 
factors. Future research on individual differences in ERP 
latencies should address these problematic psychometric 
properties of ERP latency measures, e.g., by correcting for 
attenuation, calculating aggregate measures, estimating 
factor scores in exploratory factor analyses, or using latent 
variable models.

Second, we recommend to always record EEG data 
from multiple tasks to account for the relatively high 
degree of task- specificity of ERP latency measures. 
By recording EEG data from multiple tasks, average 
measures become less task- specific and exploratory 
and confirmatory factor analyses can model task- 
specific factors orthogonal to task- invariant sources of 
variation.

Third, we more tentatively recommend to reference 
EEG data to an average reference rather than to linked 
mastoids for three reasons. First, ERP latencies tended 
to show higher criterion validities when estimated from 
EEG data referenced to an average reference than when 
estimated from EEG data referenced to linked mastoids 
as indicated by their slightly higher correlations with 
general intelligence (r = −.53 to r = −.78 vs. r = −.49 to 
r  =  −.53). However, confidence intervals were overlap-
ping between all latent correlations. Second, the hierar-
chical model displayed in Figure 1 showed a better fit to 
ERP latency data estimated from EEG data referenced 
an average reference than to ERP latency data estimated 
from EEG data referenced to linked mastoids, for which 
model adjustments were necessary. Hence, the data ref-
erenced to an average reference were more in agreement 
with the principle of parsimony (Occam's razor) than the 
data referenced to linked mastoids. Nevertheless, because 
the true factorial structure of ERP latency estimates is un-
known, we cannot make any inferences about the com-
parative validity of the two factorial solutions beyond 
their differences in parsimony. Third, previous research 
found that EEG measures derived from data referenced 
to linked mastoids contained higher levels of noise and 
showed larger between- trial variability than EEG mea-
sures derived from data referenced to an average reference 
(Clayson et al.,  2021; Dien,  2017). These findings likely 
reflect that an average reference yields a higher signal- to- 
noise ratio because averaging activity across all channels 
reduces random noise in the ensuing aggregate reference. 

We therefore tentatively recommend using an average ref-
erence scheme, ideally in conjunction with high- density 
montages to ensure sufficient electrode coverage of the 
whole head surface (Dien, 1998).

To summarize, we recommend (1) to model ERP laten-
cies as latent variables or to calculate aggregate measures 
to account for their low reliabilities, (2) to always record 
EEG data from multiple tasks to account for the relatively 
high degree of task- specificity of ERP latency measures, 
and (3) to use an average reference scheme to improve the 
criterion validity and factorial parsimony of ERP latency 
estimates.

4.3 | Suggestions for task 
selection and data analysis in large- scale 
data collection projects

Large- scale data collection projects such as the Human 
Connectome Project (HCP; Van Essen et al.,  2013), 
the Nathan Kline Institute- Rockland Sample (NKI- RS; 
Nooner et al.,  2012), or the Adolescent Brain Cognitive 
Development study (ABCD; Volkow et al., 2018) are play-
ing an important role in research on individual differences 
in cognitive abilities and cognitive development, because 
they allow studying relations between neurocognitive 
process parameters— sometimes even longitudinally— in 
samples of hundreds or thousands of participants (Kievit 
et al., 2022). Study protocols for these kinds of large- scale 
projects are designed to assess a large number of variables 
relevant for different research questions, which inevitably 
leads to a tradeoff between the breadth and depth of in-
cluded measures. Hence, it is unlikely that an entire EEG 
measurement session can be dedicated to an optimal meas-
urement of ERP latencies in two- alternative forced choice 
reaction time tasks in large- scale data collection projects. 
We therefore try to give some tentative recommendations 
for which of the tasks included in the present study to 
choose and how to best analyze the resulting single- task 
EEG data if including multiple tasks is not an option. Our 
recommendations are given based on the assumption 
that large research consortia prefer including reliable and 
valid measures of broad constructs (e.g., neural processing 
speed) over including equally reliable and valid but nar-
rower task- specific measures. Therefore, we recommend 
including tasks and choosing combinations of preprocess-
ing steps that yield the maximum amount of task- invariant 
variance in observed measures.

Based on our analysis of psychometric properties (see 
Figure 4), we recommend using either of the three experi-
mental tasks, an average reference scheme, and an 8 or 
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16 Hz low- pass filter to generate ERP latency estimates 
containing an above- average amount of task- invariant 
variance.3 Both peak latency and 50% fractional area la-
tency estimates could be used, because the choice of la-
tency estimation method had only negligible effects on the 
psychometric properties of ERP latencies in our data. 
Moreover, before averaging EEG activity across trials, we 
suggest conducting an odd- even split of trial data, calcu-
lating ERPs separately for odd and even trials, and subse-
quently estimating ERP latencies separately for odd and 
even trials. This does not only allow to estimate the reli-
abilities of ERP latencies based on odd- even correlations, 
but also to fit latent variable models where a latent ERP 
latency factor loads onto latency estimates from odd and 
even trial data, respectively (see Schubert et al., 2022, for 
an example). Finally, researchers should think carefully 
about whether they want to study latencies of a specific 
component (e.g., the P3) or of several components associ-
ated with higher- order processing (e.g., the P2, N2, and 
P3), because being able to average or model latent vari-
ables across components will further improve their analy-
ses psychometrically.

Although these recommendations can be derived from 
the present multiverse analysis and will yield improved 
psychometric properties in comparison to a set of arbi-
trary preprocessing and analysis choices, we would like to 
once again stress that improving single- task measurement 
is no substitute for multi- task measurement given the 
high degree of task- specificity of ERP latency measures 
found in the present study. Hence, EEG data should al-
ways be recorded from multiple tasks whenever possible 
to reduce the likelihood that correlations between ERP la-
tencies and other variables are underestimated due to the 
task- specificity of latency estimates.

4.4 | Limitations

In the present multiverse analysis, we selected a narrow 
set of preprocessing choices that we systematically varied 
to study their effects on the relationship between neu-
ral processing speed and cognitive abilities. By deciding 
to explore the effects of these three preprocessing steps 

systematically, we implicitly decided to not study the ef-
fects of other preprocessing choices on the relationship 
between neural processing speed and cognitive abilities. 
This is not a specific limitation of the present study, but 
rather of any kind of multiverse analysis, in which light 
can always only be shed on a small sliver of all possible 
data preprocessing choices. Other factors that could be 
systematically assessed include the cut- off value of high- 
pass filters (Clayson et al.,  2021), the choice of baseline 
period (Clayson et al.,  2021; Sandre et al.,  2020), chan-
nel selection (Clayson et al., 2021; Dien, 2017; Klawohn 
et al., 2020; Sandre et al., 2020), and procedures for artifact 
correction (Clayson et al., 2021).

Moreover, our conclusions cannot be generalized be-
yond the elementary cognitive tasks used in the present 
study. These tasks are among the most popular tasks 
in chronometric research on individual differences in 
intelligence (Jensen,  2006), because the influences of 
previous experiences with the respective tasks and in-
dividual differences in strategy use on task performance 
are minimized (Carroll,  1993). Furthermore, these 
tasks have been frequently used to study the relation-
ship between neural processing speed and intelligence 
(e.g., Euler et al.,  2017; Houlihan et al.,  1998; Schubert 
et al., 2015, 2017; Troche et al., 2017). However, that rela-
tionship has also been studied in both more (e.g., Saville 
et al., 2016; Schubert et al., 2021) and less (e.g., Bazana 
& Stelmack, 2002; Saville et al., 2016; Troche et al., 2009; 
Walhovd et al., 2005) demanding tasks. Because the influ-
ence of preprocessing choices may vary as a function of 
task and signal complexity, future research could conduct 
similar multiverse analyses of EEG data recorded during 
different tasks, ideally starting with the popular oddball 
task (Picton, 1992).

Finally, although the sample of the present study was 
larger and more heterogeneous than in most previous 
studies on electrophysiological correlates of intelligence 
and the sample size was chosen to provide sufficient 
power for the hypothesis of close fit and to include more 
than five observations for each estimated parameter in 
the structural equation model, it was still relatively small. 
As a result, confidence intervals of latent correlations 
between neural processing speed and cognitive abili-
ties were quite large and overlapping between different 
combinations of preprocessing steps. To overcome the 
limitations of moderate sample sizes, researchers work-
ing on electrophysiological correlates of intelligence 
may consider coordinating so- called “many- labs” stud-
ies (Botvinik- Nezer et al., 2019; Klein et al., 2014; Pavlov 
et al., 2021) that allow collecting even larger sample sizes 
and assessing the robustness of relations between neuro-
scientific measures and intelligence across different re-
cording settings.

 3Although it may seem an obvious choice to recommend using the 
Sternberg memory scanning task and referencing EEG data to linked 
mastoids due to the high reliabilities of the resulting latency estimates, 
we would like to caution against this. The high reliabilities of these ERP 
latency estimates were mainly due to large amounts of task- specific 
variance. In comparison, the amounts of task- invariant variance were 
smaller for these latency measures than for latency measures estimated 
from EEG data referenced to an average reference. Hence, this is only 
an optimal choice if researchers are interested in analyzing correlates of 
task- specific ERP latencies.
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5  |  CONCLUSIONS

Individual differences in the latencies of ERP components 
associated with higher- order cognitive processes (P2, 
N2, P3) were substantially related to individual differ-
ences in cognitive abilities across different preprocessing 
pipelines. On average, they explained 35% of variance in 
general intelligence, a finding that has significant impli-
cations for theories of intelligence, because it indicates 
that individual differences in processing speed contrib-
ute significantly to individual differences in intelligence. 
Based on these findings, we argue that process theories of 
general intelligence need to either explain how a higher 
speed of neural information processing facilitates reason-
ing or propose which third variable may give rise to the 
association. Moreover, they need to account for the fact 
that both working memory capacity (Gignac, 2014; Kane 
et al.,  2005; Oberauer et al.,  2005) and processing speed 
are strongly related to general intelligence. We believe 
that it will be crucial to understand how the speed of neu-
ral processing limits the capacity working memory to un-
derstand how the two neurocognitive process parameters 
jointly contribute to individual differences in intelligence.

Based on a multiverse analysis approach and psycho-
metric analyses, we derived recommendations for the 
estimation and analysis of ERP latencies in individual dif-
ferences research. We found that on average only about 
27% of variance was shared between latency measures 
across different preprocessing pipelines, which implies 
that choosing any specific combination of preprocessing 
steps has a substantial impact on downstream analyses 
and should therefore be done deliberately. We suggest (1) 
modeling ERP latencies as latent variables or to calculate 
aggregate measures to account for their low reliabilities, 
(2) always recording EEG data from multiple tasks to ac-
count for the relatively high degree of task- specificity of 
ERP latency measures, and tentatively (3) using an aver-
age reference scheme to improve the criterion validity and 
factorial parsimony of ERP latency estimates. In compar-
ison to these factors, the choice of cutoff values for low- 
pass filtering and the choice of latency estimates had only 
little effect on the psychometric properties of ERP laten-
cies and their relation to cognitive abilities.

Taken together, our results show that it is paramount 
to account for the psychometric properties of ERP laten-
cies (and likely also other EEG measures) when using 
them as person parameters in individual differences 
research. The previous inconsistencies in associations 
between ERP latencies and cognitive abilities may have 
resulted from variation in analytic procedures and little 
consideration of the psychometric properties of ERP 
latencies in relatively small sample studies. Future re-
search should therefore aim to estimate ERP latencies 

across multiple tasks and model them as latent factors 
to account for their task- specificities and low reliabili-
ties. Accounting for the psychometric properties of ERP 
latencies by means of structural equation modeling, we 
found evidence for a substantial, replicable, and robust 
relationship between neural processing speed and cog-
nitive abilities.
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