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Abstract

The contralateral delay activity (CDA) is a widely used electrophysiological marker of visual
working memory (VWM), yet recent work has questioned whether typical sample sizes in CDA
studies are sufficient to robustly detect set size effects and brain-behavior correlations. As part
of the #EEGManyLabs initiative, the present multi-site replication study aimed to rigorously
test replicability of the key findings of Vogel and Machizawa (2004) using a large sample of
304 participants across 10 laboratories and a preregistered analysis plan. We replicated the
expected contralateral-ipsilateral asymmetry and observed increases in CDA amplitude from
set size 2 to 4 and from set size 2 to 6. In contrast, the hypothesized positive correlation
between the CDA increase from set size 2 to 4 and individual VWM capacity was not replicated
in the preregistered meta-analytic correlation. Across different pipelines and statistical
analyses, the meta-analytic correlation estimate was small (r = 0.15) and substantially
attenuated relative to the original effect size in Vogel and Machizawa (2004) study (r = 0.78).
To contextualize these findings, we applied a funnel-plot diagnostic combining published
effects with the #EEGManyLabs data, indicating small-study inflation and publication bias.
Taken together, our results indicate that reports of strong correlations between CDA amplitude
and VWM capacity may have been overestimated, in part because statistically significant
findings were selectively reported. Our results highlight the importance of open science
practices, including well-powered, preregistered studies with transparent data and analysis
pipelines, in order to characterize the magnitude and robustness of individual-difference

associations in psychophysiology.
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Introduction

Visual working memory (VWM) is a temporary storage system that holds information that can
be accessed and manipulated by higher cognitive functions (Luck & Vogel, 2013). Visual
working memory is considered a central construct in cognitive neuroscience and is a putative
intermediary for information transfer (Atkinson & Shiffrin, 1968; A. Baddeley, 2003; A. D.
Baddeley, 1986; A. D. Baddeley & Hitch, 1974; Cowan et al., 2005; Cowan & Morey, 2006;
Liesefeld & Miller, 2019; Olivers, 2008), thereby facilitating various cognitive functions
including reading comprehension (Caplan & Waters, 1999; Daneman & Carpenter, 1980; Lotfi
etal., 2022; Martin & Romani, 1994; Wang et al., 2022), planning and problem-solving (Cowan
et al., 2005; Miyake & Shah, 1999; Naveh-Benjamin & Cowan, 2023), and learning new skills
(A. Baddeley et al., 1988; A. D. Baddeley et al., 2017; Cowan, 2014; Gathercole & Baddeley,
1989; Jongbloed-Pereboom et al., 2019; von Bastian et al., 2022). Researchers have been
using electroencephalography (EEG) to understand the neural correlates of VWM in real-time.
A commonly used EEG measure of VWM is an event-related potential (ERP) called the
contralateral delay activity (CDA). This EEG signal has also been referred to in other studies
as Contralateral Negative Slow Wave (CNSW) by Klaver et al. (1999), Sustained Posterior
Contralateral Negativity (SPCN) by Brisson and Jolicoeur (2007), Perron et al. (2009), and
Contralateral Search Activity (CSA) by Emrich et al. (2009). These different terms all refer to
the same visual working memory correlate. Hence, we will maintain the use of the term CDA

throughout the remainder of the paper.

The CDA is a difference wave constructed by subtracting ipsilateral from contralateral activity
related to the to-be-remembered items. Since items in studies analyzing experimental effects
on the CDA are generally shown bilaterally, while only those on one side of the screen are
supposed to be memorized, the idea of the subtraction is to eliminate any activity related to
early perceptual and low-level processing by assuming that they equally affect ipsilateral and
contralateral ERPs. Activity over the contralateral hemisphere tends to be more negative than
ipsilateral activity during VWM retention (Luria et al., 2016; Ngiam et al., 2021; Vogel &
Machizawa, 2004). Thus, it has been suggested that the CDA reflects the neural activity
related to the maintenance of information in VWM, and studies have shown that the amplitude

and duration of the CDA are linked to the amount of information stored in working memory.

In a seminal paper from Vogel and Machizawa (2004), the authors demonstrated that the CDA
amplitude increases with the number of items stored in VWM and plateaus at around 3 to 4

items, consistent with the typical adult working memory capacity (Forsberg et al., 2023). More
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importantly, this study showed that the increase in the CDA amplitude with greater memory
load correlated with individual VWM performance (Vogel & Machizawa, 2004). Specifically,
individuals with high VWM capacity exhibited a larger increase in the CDA when attempting to
memorize 4 compared to 2 items. In this study, the CDA was elicited using a color change
detection task (Vogel & Machizawa, 2004). The task involves presenting participants with a
central arrow cue that indicates whether participants need to memorize items on the left or
right of the screen center. The cue is followed by a bilateral stimulus array with equal numbers
of colored squares shown on each side (set size 1 to 10). After a short retention phase,
participants are presented with a second array and asked to indicate whether any of the
squares on the cued side changed color (Figure 2). The lateralized color change detection
task is now a widely used paradigm to examine visual working memory processes (Feldmann-
Wistefeld, 2021; Luria et al., 2016) and has been explored in several variations such as
different set sizes, including distractions, retro-cueing and using different shapes and colors
(Feldmann-Woistefeld, 2021; Feuerstahler et al., 2019; Roy & Faubert, 2023; Schneider et al.,
2017).

The finding that the CDA amplitude is sensitive to how much visual information is to be
remembered has been replicated in numerous studies (Asp et al., 2021; Brady et al., 2016;
Hakim et al., 2019; Heuer & Schubg, 2016; Quirk et al., 2020; Unsworth et al., 2015).
Furthermore, several studies have validated the positive correlation between the CDA
amplitude increase and VWM capacity (Adam et al., 2018; Feldmann-Wistefeld, 2021;
Villena-Gonzalez et al., 2020). In the review paper of Luria et al. (2016), the authors conducted
a meta-analysis from 11 previous studies and reported an aggregated correlation of r = 0.596.
However, a recent study indicated that the typical numbers of subjects and trials for CDA
experiments seen in the literature may be underpowered for detecting set size differences
(Ngiam et al., 2021).

The insufficient power issue is even more pressing for the correlation between the VWM
capacity and the CDA amplitude increase. Critically, Schénbrodt and Perugini (2013)
demonstrated that correlation estimates typically stabilize at a sample size of approximately
250 subjects (Schonbrodt & Perugini, 2013). Except for one large study (N = 171; Unsworth
et al., 2015), the average sample size of previous studies investigating the relationship
between VWM capacity and the CDA amplitude was 32 subjects (range 12-83 subjects for 12
studies; Luria et al, 2016). Finally, the inherent flexibility in EEG analysis, including analysis of
the CDA, leaves many decisions up to the researcher. This leaves open the possibility to
exploit these researchers’ degrees of freedom (i.e., the garden of forking paths; Gelman &

Loken, 2013), either intentionally or unintentionally. Such practices can lead to erroneous


https://paperpile.com/c/JWTiKd/Hax3
https://paperpile.com/c/JWTiKd/Hax3
https://paperpile.com/c/JWTiKd/H3v8+uHm7
https://paperpile.com/c/JWTiKd/H3v8+uHm7
https://paperpile.com/c/JWTiKd/H3v8+opZe+GUDe+2Qka
https://paperpile.com/c/JWTiKd/H3v8+opZe+GUDe+2Qka
https://paperpile.com/c/JWTiKd/JTdU+Sn7d+Ftwj+xqm3+PtsX+IpWz
https://paperpile.com/c/JWTiKd/JTdU+Sn7d+Ftwj+xqm3+PtsX+IpWz
https://paperpile.com/c/JWTiKd/NKVM+H3v8+64Ff
https://paperpile.com/c/JWTiKd/NKVM+H3v8+64Ff
https://paperpile.com/c/JWTiKd/DuQO
https://paperpile.com/c/JWTiKd/ZbWN

© 00 N oo 0o B~ W DN P

W W W W W W W N N N DN DN DNDMNDNDNDNDNMNDNDMNDN P P P PP PP PP PP PR
D 00~ WON P O O 0O NO O b~ WODN P O O oN o oA W DN+, O

inferences and perpetuate replication problems in cognitive neuroscience (Clayson et al.,
2019; Luck & Gaspelin, 2017).

To address this issue, the #EEGManyLabs project was initiated (Pavlov et al., 2021). The
#EEGManyLabs initiative highlights the importance of replication in science and the need for
rigorous research methods to increase confidence in prominent effects. The #EEGManyLabs
project aims to replicate pivotal EEG studies which had a critical impact on the cognitive and
affective neuroscience community. Importantly, the #EEGManyLabs project is designed to
address some of the limitations of previous replication efforts by using a large sample of
participants, standardized procedures, and a pre-registered analysis plan (i.e., Registered
Report; Pavlov et al., 2021).

As part of the #EEGManyLabs project, the current study aimed to contribute to the existing
literature on VWM and the CDA by conducting a robust multi-site, large-scale replication of
Vogel and Machizawa's (2004) seminal study. The present study was chosen for replication
by a global consortium of EEG specialists owing to its scientific significance (for further
information on the selection process, refer to Pavlov et al., 2021). In accordance with the
#EEGManyLabs project, this Registered Report closely adhered to the original study design
and ensured adequate statistical power with a large sample size. The present study also
followed preregistered analysis steps to ensure the integrity of the direct replication and
statistical inferences (Paul et al., 2021). To this end, Experiment 3 of the original study was
replicated using three set sizes (2, 4, and 6 items per side) to examine whether CDA amplitude
varies as a function of memory load. In line with the original study, the following hypotheses

were tested:

[H1.1] The CDA amplitude increases from arrays of 2 items per side to arrays of 4 items per
side.
[H1.2] The CDA amplitude increases from arrays of 2 items per side to arrays of 6 items per
side.

[H1.3] The CDA amplitude for 4 items and 6 items is equivalent.

Additionally, the study examined whether the CDA amplitude is related to performance on the

change detection task:

[H2.1] Subjects’ VWM capacity (measured behaviorally) is positively correlated with the CDA

amplitude increase from 2 to 4 items.


https://paperpile.com/c/JWTiKd/yEnc+4LtZ
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[H2.2] Subjects’ VWM capacity (measured behaviorally) is not correlated with the CDA

amplitude increase from 4 to 6 items.

Finally, replication success was evaluated separately for each hypothesis. For hypotheses
predicting directional effects, replication success was defined as a statistically significant
random-effects meta-analytic estimate in the same direction as in the original study, combining
results across laboratories. For hypotheses predicting equivalence or the absence of an

association, replication success was evaluated using equivalence testing.
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2. Methods

The protocol for this replication was developed in consultation with the original authors (co-
authors of the present work, EV, MM). The current document is a Stage 2 Registered Report
that follows guidelines for open science in psychophysiological research as outlined by

Garrett-Ruffin et al. (2021). The Stage-1 Registered Report outlining the preprocessing and

analysis steps is available at: https://doi.org/10.31234/osf.io/shdea (Strzelczyk et al., 2023).
All raw EEG and behavioral datasets, after marker harmonization, anonymization, and
including full datasets that were later excluded from analysis, are openly accessible at:

https://gin.g-
node.org/EEGManyLabs/EEGManyLabs Replication VogelMachizawa2004 Raw and

https://gin.g-
node.org/EEGManyLabs/EEGManyLabs Replication VogelMachizawa2004 Processed. All

preprocessing and analysis scripts used in the present report are available on GitHub:

https://github.com/ksgfan/EEGManyLabs. Each site has obtained approval from the local

ethics committee to conduct the study and share data.

The institution abbreviations used throughout the manuscript are: DART (Dartmouth College,
USA), USF (University of South Florida, USA), JGU (Johannes Gutenberg University Mainz,
Germany), WWU (University of Munster, Germany), NDSU (North Dakota State University,
USA), OSU (The Ohio State University, USA), Ul (University of Iceland, Iceland), TUOS
(University of Sheffield, UK), UZH-MPR (University of Zurich, Methods of Plasticity Research,
Switzerland), and UZH-NCN (University of Zurich, Neuropsychology and Cognitive

Neuroscience, Switzerland).

Known differences from the original study

Table 1. Details on original, replication and alternative pipelines. Deviations from the original

preprocessing are highlighted in blue in the direct replication pipeline.

Offline Processing Step Original and current study parameters #EEGManylLabs: advanced preprocessing
for the direct preprocessing pipeline pipeline
Offline Filter (1) Hardware online filter: bandpass of (1) Offline bandpass of 0.01-80 Hz (half-power
0.01-80 Hz (half-power cutoff, cutoff, Butterworth filters)
Butterworth filters) (2) 35 Hz LP for plotting

(2) 35 Hz LP only for plots

Line noise removal no line noise removal ZapLine method
ZapLine method?*

Ocular artifact rejection (1) Trials containing ocular artifacts were  If eye-tracker recording is available, we
removed (i.e., blinks or eye excluded trials with eye movements larger


https://paperpile.com/c/JWTiKd/0v5A
https://paperpile.com/c/JWTiKd/0v5A
https://paperpile.com/c/JWTiKd/0v5A
https://doi.org/10.31234/osf.io/shdea
https://paperpile.com/c/JWTiKd/PxKu
https://gin.g-node.org/EEGManyLabs/EEGManyLabs_Replication_VogelMachizawa2004_Raw
https://gin.g-node.org/EEGManyLabs/EEGManyLabs_Replication_VogelMachizawa2004_Raw
https://gin.g-node.org/EEGManyLabs/EEGManyLabs_Replication_VogelMachizawa2004_Processed
https://gin.g-node.org/EEGManyLabs/EEGManyLabs_Replication_VogelMachizawa2004_Processed
https://github.com/ksgfan/EEGManyLabs
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Artifact Rejection

Bad Channel Identification

Bad Channel Interpolation

Reference

CDA time interval
Baseline Interval

Region of Interest

CDA time interval

Set Size

Visual Memory Capacity

movements larger than 1 degree). A
heuristic for 1 visual degree was used
(25 microvolt bipolar HEOG amplitude
threshold; adjusting the threshold for
each subject based on visual
inspection). A calibration paradigm
was used to estimate the subject
specific amplitude representing 1
visual degree

Blinks: unipolar VEOG >? microvolt
Blinks: unipolar VEOG >90 microvolt

(2

—

than 1 degree. If no eye-tracker is
available, we identified ocular artifacts
using a tailored subject-specific amplitude
threshold for the EOG electrodes, which
was obtained from the saccadic calibration
task.

(1) peak-to-peak amplitude >200 microvolt (1) Peak-to-peak amplitude >200 microvolt

(2) Visual inspection was used to identify
and exclude trials containing
movement artifacts or blocking

(1) peak-to-peak amplitude >75 microvolt.
Bad channels were not interpolated,
but artifactual trials were rejected

(2) Visual inspection

NA

Algebraic average of the left and right
mastoids

300 - 900 ms after memory onset
-200-0 ms

left electrode cluster: P3, T5/P7, O1.
right electrode cluster: P4, T6/P8, O2

retention phase (i.e., 300 - 900 ms after

the onset of memory array)

Experiment #3: 2,4,6

K&d

(2) bad trial identification method introduced
by Adam, Robison, and Vogel (2018)

(1) Correlation below 0.85 with neighboring
channels

(2) 4 SD or more line noise relative to signal
than all other channels

(3) Blocking longer than 5 s

Spherical spline interpolation

Algebraic average of the left and right
mastoids

300 - 900 ms after memory onset
-200 -0 ms

left electrode cluster: P3, T5/P7, O1.
right electrode cluster: P4, T6/P8, O2

retention phase (i.e., 300 - 900 ms after the

onset of memory array)

2,4,6

K&d

Note. Deviations from the original study in the direct preprocessing pipeline are shown in blue.

! Several labs are recording the task with an eye-tracker, which induces line noise. Therefore, we

decided to use ZapLine to reduce the line noise.

Sample size & Inclusion criteria

Participants were recruited from universities or nearby communities. The study only included
individuals between 18 and 35 years free from any diagnosed psychiatric or neurological
disorders and with intact color vision. We acquired demographics (i.e., age, gender),
handedness (Edinburgh Handedness Inventory; Oldfield, 1971) and education level based on
Standard Education (ISCED;

International Classification of

http://uis.unesco.org/en/topic/international-standard-classification-education-isced).
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The required sample size was estimated for each hypothesis: For hypothesis #1, we used the
CDA power calculator (https://williamngiam.shinyapps.io/CDAPower/; Ngiam et al., 2021) to

estimate the required sample size to detect a set-size effect between set size 2 and 4 (which
is similar as between set size 2 and 6). With a minimum of 170 clean trials per condition (i.e.,
excluding subjects with a bad trial rate > 30%) and 90% power, the estimated number of
subjects required is 70 (see Figure 1).

The following procedure was conducted to estimate the required sample size to investigate
the correlation between VWM capacity and the CDA amplitude difference (i.e., hypothesis #2):
In the original study, 36 participants were recruited and the subjects’ VWM capacity was
correlated with the CDA amplitude increase between 2 and 4 items with a correlation estimate
of r = .78 (Vogel & Machizawa, 2004). The power analysis showed that with an alpha level of
.02 and an assumed effect size of 50% (i.e., r = .39) of the original study, a sample size of N
= 68 is required to achieve 90% power in detecting the effect. For the sample size calculation
of hypothesis #2, we used the R package “pwr” (Champely, 2020) (pwr.r.test(r = 0.39, sig.level
=0.02, power = 0.9, alternative = "greater")). However, according to Schénbrodt and Perugini
(2013), correlation starts to stabilize at the sample size N = 250. As the #EEGManyLabs is
open for any lab to participate, we decided that each participating lab (i.e., N = 10) should
recruit 25 participants, resulting in 250 participants in total, which provides sufficient power to
investigate both hypotheses.

500 Power

1.0
400

0.8
300

054
200
100

0.2

100 125 150 175 200
Number of Subjects

Figure 1. CDA power calculation. We estimated the required sample size for the set size effect between

Number of Clean Trials

set size 2 and 4, assuming at least 170 trials (i.e., maximum of 30% bad trials) and 90% power. The

estimated number of subjects required is 70 (red dot).
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Exclusion criteria

The color change detection task requires the participants to discriminate between colored
squares, therefore color blindness is a critical exclusion criterion. We tested the color-vision

with an online color-vision test (https://colormax.org/color-blind-test/). Participants with scores

below 11 out of 12 correct responses were considered to have a color-vision deficiency and

were excluded from further analyses.

Exclusion criteria for direct replication

Following the original study, we excluded trials with eye movements, blinks, and blocking
(amplifier saturation after drift). To identify eye movements and blinks, horizontal
electrooculography (EOG) was concurrently recorded. Contaminated trials were identified by

large (>1°) eye movements (Vogel & Machizawa, 2004).

In the original study, the authors used a heuristic for 1° horizontal eye movements and a fixed
amplitude threshold for each subject. In this replication study, we deviated from this procedure
and calculated the 1° horizontal eye movement amplitude for each participant in order to more
accurately estimate an individual's amplitude threshold. To determine the individual
participant’s exclusion amplitude threshold, which reflects 1° horizontal eye movement, there
was a separate horizontal EOG saccade calibration task prior to the main experiment
(developed by K.M.Ortego, co-author). This task involves participants making saccades to left
and right targets on the screen. Participants started each trial by fixating on the center of the
screen. Following a key press there was a jittered interval between 1200~1600 ms and a
saccade target (a red disk; 0.6° in size) appeared either 3° or 6° away from the fixation on the
left or right side of the screen along the horizontal midline. Participants were instructed to
make a saccade to the target location as soon as it appeared and to press a space bar once
they had successfully made the saccade. There were 15 trials per condition, resulting in 60
trials total. The data from the saccade calibration paradigm was preprocessed by (1) bandpass
filtering the data from 0.1-40 Hz; (2) epoching from -200 to +600 ms with respect to the onset
of the saccade target; and (3) baseline correcting using a pre-stimulus baseline interval of -
200 to 0 ms. Given previous research showing the saccade onset latency being ~200 ms
(Westheimer, 1954a, 1954b), horizontal EOG (i.e., HEOG = HEOGR - HEOGL) channel
amplitudes from horizontal saccades were averaged during the 300~400 ms interval across

the left and right conditions. The 1° horizontal eye movement amplitude threshold was then
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calculated by extrapolating from 3° and 6° eye movements (estimating the linear regression
curve using fittype function in MATLAB) as previous reports have shown the HEOG amplitudes
and the size of saccades have a consistently linear relationship (Luck, 2014). We did not
measure the 1° eye movement directly, as a pilot study demonstrated that estimating the 1°
eye movement is more error prone and has too much variability. Furthermore, blinks were
detected by using an amplitude threshold (>50 microvolt) in the unipolar VEOG channel. In
addition, a segment was marked as bad if any electrodes of interest (i.e., HEOG, P3, T5/P7,
01; P4, T6/P8, 0O2) had a peak-to-peak amplitude >200 microvolt within one segment. Finally,
visual inspection was used to identify bad trials. For an overview of the exclusion criteria and
analysis pipeline see the Table 1. If more than 30% of trials (all set-size conditions combined)
had to be rejected by these combined criteria, the subjects were excluded from further analysis

to assure sufficient number of trials (see sample size calculation).

Alternative analysis pipelines

For the alternative pipelines (Table 1), to identify eye movements and blinks, all labs recorded
horizontal and vertical EOG and several labs additionally recorded eye tracking data (see
Table 2). Trials contaminated by eye movements larger than 1° (Vogel & Machizawa, 2004)
were identified based on eye tracking data if available (i.e., trials containing eye movements
larger than 1°), and otherwise based on EOG data as described in the previous section. In
addition to the bad trial identification methods described in the direct replication, we also
utilized the bad trial identification method introduced by Adam et al. (2018; see below). Again,
if more than 30% of trials for a specific set size had to be rejected by these combined criteria,
the subjects were excluded from further analysis to assure sufficient number of trials (see

sample size calculation).

Procedure

Upon their arrival, participants received a brief overview of the experiment and were asked to
give their informed written consent for participating in the study and allowing data sharing.
Next, the participants were asked to fill out a short questionnaire regarding their history of
psychiatric and neurological disorders, handedness and educational level, and carry out an

online color-blind test (https://colormax.org/color-blind-test/). Subsequently, the participants

were comfortably seated in a chair. If available, the experiment was conducted in a sound-
and electrically shielded Faraday recording cage. Some cages were equipped with a chinrest

to minimize head movements. A cap with electrodes was placed on the participant's head and
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impedances were checked if provided by the EEG amplifier system and improved if necessary
(see Table 2 for details). As this project is part of a wider initiative on replicability in EEG
(#EEGManyLabs), several of the laboratories in this replication also collected resting state

EEG data together with some personality measures (https://osf.io/sp3ck/, Pavlov et al., 2021).

Neither resting EEG nor personality data were analyzed in the current study but were merged
across sites as part of a future replication project to be reported elsewhere. Participants first
completed an EOG saccade calibration task, after which the color change detection task
began. The expected duration of the entire experiment was approximately 120 minutes. Upon
completion of the examination, participants received compensation or credit for their

participation.

Experimental Paradigm

The color change detection task was identical to the task used in the original study (Vogel &
Machizawa, 2004). The paradigm was implemented in MATLAB, using the PsychToolbox
extensions (Brainard, 1997; Pelli, 1997). Each trial of the task started with a blank screen
presented for 1500 ms. Then, a central arrow appeared for 200 ms, indicating which side of
the screen the participant should pay attention to. This was followed by another fixation period
of a random time interval between 300 ms and 400 ms. Afterwards, a memory set was
presented for 100 ms, which consisted of either 2, 4, or 6 colored squares on each side of the
screen. Participants were instructed to only memorize the part of the memory set indicated by
the arrow. This was followed by a 900 ms retention interval with a blank screen and a fixation
cross (see Figure 2). Finally, a test array was presented for 2000 ms, and the participants
were asked to indicate whether the test array was identical to the previous memory array ("no-

change" trial) or whether the test array was different by one color ("change" trial).

The participants indicated whether a change occurred by pressing either the A or L button on
a keyboard. The button they pressed depended on the instruction they were given, with half
of the participants being instructed to press the A button for a change and the L button for no
change, while the other half was instructed to do the opposite. Additionally, the participants
were instructed to use their left hand to press the A button and their right hand to press the L
button. During the task, participants were asked to focus their gaze on the fixation cross in the

center of the screen until the probe appeared.

All stimuli were displayed within 2 regions that were 4° x 7.3° in size and were located 3° to

the left and right of a central fixation cross on a gray background (8.2 cd m2). Each memory
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array consisted of 2, 4 or 6 colored squares (0.65° x 0.65°) in each visual field. The squares
were chosen at random from a set of seven highly distinct colors (red, blue, violet, green,
yellow, black and white), and a specific color appeared no more than twice in a single array.
In other words, a specific color could be displayed in both hemifields but never twice within a
hemifield. The positions of the stimuli were randomized on each trial, with the restriction that
the distance between squares within a visual field was at least 2° (center to center). In 50% of
the trials, the color of one square in the test array on the cued side was different from the
corresponding square in the memory array, while in the remaining trials, the colors of the 2

arrays were identical.

The task was divided into five blocks, each containing 144 trials (i.e., 720 trials per subject
and 240 trials per condition and subject). The cue direction (left or right) and set size (2, 4 or
6 items on each side of the screen) were randomly varied throughout the trials to ensure a
balanced distribution of all conditions in each block. In line with the original study, no training

exercise was conducted prior to the main task.

> | | | |
+ + + U + U
| O
Fixation Central Cue Fixation Memory Array Retention Test Array
300-400 ms 200 ms 300-400 ms 100 ms 900 ms 2000 ms

Figure 2. Lateralized color change detection task. The figure is illustrative and not to scale.

Neurophysiological Data Acquisition

The replicating labs used a range of EEG systems and, where available, eye trackers.
Acquisition details are provided in Table 2. All labs provided the raw data to Zurich’s Lab (UZH-

MPR), where it was preprocessed and analyzed.

Table 2. Data acquisition settings for each laboratory.

12
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Artifact Removal and Data Preprocessing

All EEG data were imported into EEGLAB 2025.0.0 (Delorme & Makeig, 2004) and processed
using 2 pipelines: a pipeline that follows the original study as closely as possible (see Vogel
and Machizawa, 2004), and a recent pipeline optimized for current advances in the field of

neuroscience.

Direct replication preprocessing pipeline

Following the Vogel and Machizawa (2004) study, we downsampled the data to 250 Hz and
applied a bandpass filter of 0.01-80 Hz (half-power cutoff, Butterworth filters) using the
EEGLAB function pop_eedfiltnew (Widmann & Schrdger, 2012). Since certain labs measured
eye movements using an eye tracker or did not have access to a faraday cage, line noise (50
Hz in Europe, 60 Hz in the US) was introduced as a result. To mitigate this, we used ZapLine

Plus, which adaptively identifies and suppresses power-line components and their harmonics.
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The algorithm is highly effective at removing power line artifacts while preserving non-
artifactual parts of the signal (de Cheveigné, 2020; Klug & Kloosterman, 2022). This deviation
from the original study was necessary to ensure accurate measurements. Afterwards, we re-
referenced the data to an algebraic average of the left and right mastoids. We segmented the
data from -200 to +1200 ms after the presentation of the memory array. The segments with
saccadic eye movements (greater than 1° from the fixation cross) were excluded from further
analysis using horizontal EOG channel response data from the saccade calibration task (for
detailed information please refer to Exclusion Criteria). Furthermore, blinks were detected by
using an amplitude threshold (>90 microvolt) in the unipolar VEOG channel. In addition, a
segment was marked as bad if any electrodes of interest (i.e., HEOG, P3, T5/P7, O1; P4,
T6/P8, O2) had a peak-to-peak amplitude >200 microvolt within one time window (i.e., bad
channel criteria). Visual inspection was used to identify bad trials. Finally, a baseline correction

was applied using a pre-stimulus interval of -200 to 0 ms.

Advanced preprocessing pipeline

In addition to following the original study's data preprocessing protocol, the data were also
processed using recent advancements in neuroscience to assess the robustness of the
results. First, error-prone channels were detected by the algorithms implemented in the

EEGLAB plugin clean_rawdata (http://sccn.ucsd.edu/wiki/Plugin_list process) without

applying automated subspace removal (ASR). An electrode was defined as error-prone when
recorded data from that electrode were correlated at less than 0.85 to an estimate based on
neighboring electrodes. Furthermore, an electrode was defined as error-prone if it had more
line noise (i.e., 50 Hz in Europe, 60 Hz in USA) relative to its signal than all other electrodes
(4 standard deviations). Finally, if an electrode had a longer flat line than 5 s, it was considered
error-prone. These error-prone electrodes were automatically removed and later interpolated
using a spherical spline interpolation (EEGLAB function eeg_interp.m). Next, data was filtered
using a bandpass filter of 0.01-80 Hz (half-power cutoff, Butterworth filters). Again, we used
ZapLine Plus to remove line noise. Subsequently, the data was re-referenced to an algebraic
average of the left and right mastoids and segmented from -200 to +1200 ms after presentation
of the memory array. To determine whether a trial was artifactual, three criteria were applied:
First, we excluded trials with blinks and large saccadic eye movements. If eye-tracker
recording was available, we excluded trials with blinks and eye movements larger than 1°
based on the eye-tracker. If no eye-tracker was available, we identified ocular artifacts using
a tailored subject-specific amplitude threshold for the HEOG electrodes, which was obtained

from the saccadic calibration task. Second, a sliding time window approach was adopted from
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Adam et al. (2018). To identify trials containing blocking artifacts, a sliding time window of 200
ms was shifted across the segments without overlap. If any time window contained 60 ms of
flat line activity in any channel (i.e., range of amplitudes <0.1 microvolt), the corresponding
segment was marked as bad. Third, to identify trials containing large amplitude artifacts, non-
overlapping sliding time windows of 12 ms were used. A segment was marked as bad if any
electrode of interest (i.e., HEOG, P3, T5/P7, O1; P4, T6/P8, O2) had a peak-to-peak amplitude
>200 microvolt within one time window. To foster scientific transparency and enable exact
methodological replications and reproducibility, no visual inspection for bad trials rejection was
conducted, because this decision is subjective. Finally, a baseline correction was applied

using a pre-stimulus baseline interval of -200 to 0 ms.

CDA extraction

To remove the contribution of any VWM-unspecific, bilateral activity, the CDA was computed
as a difference wave on a trial-by-trial basis by subtracting activity ipsilateral to cued items
(presented left or right of screen center) from contralateral activity. The CDA amplitude was
extracted from a time window of 300-900 ms after the onset of the memory array. We
computed the mean CDA amplitude for each participant separately for each set size (i.e., 2, 4
and 6 cued items). For the computation of the CDA, we used posterior parietal, lateral occipital
and posterior temporal electrode sites (i.e., left electrode cluster: P3, T5/P7, O1; right
electrode cluster: P4, T6/P8, O2). First, the difference was calculated in electrode pairs
(P3/P4), (P7/P8), (01/02) and then averaged. The CDA was calculated on a trial-by-trial basis
for all set sizes and for all trials (i.e., correct and incorrect trials). The final step was to compute
the overall average CDA for each set size by averaging the CDA of the right and left cue

direction of the respective set size.

Data Quality and Psychometric Internal Consistency

Estimates of data quality and psychometric internal consistency were reported. Data quality
estimates characterize the precision of group-level ERP estimates, whereas internal
consistency estimates indicate whether scores are measured reliably enough to differentiate
between individuals, which is crucial for studying individual differences (Clayson, Brush, et al.,
2021; Clayson & Miller, 2017; Luck et al., 2021). These metrics were reported to characterize
the obtained data, but data were not excluded based on these metrics to be consistent with
the procedures of the original study. Arithmetically derived estimates of the standard error of

the mean were used to characterize data quality (Luck et al.,, 2021). These estimates
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separately quantified the precision of CDA for each set size (2, 4, and 6 cued items) using
single-trial estimates of CDA (contralateral-ipsilateral activity differences). Psychometric
internal consistency estimates used generalizability theory equations to compute coefficients
of dependability for difference scores (Baldwin et al., 2015; Brennan, 1992; Clayson, Baldwin,
et al., 2021; Clayson, Brush, et al., 2021; Sundre, 1993). Time-window mean amplitude
estimates of single-trial scores of ipsilateral and contralateral activities were used to estimate
the observed group-level internal consistency of the difference scores. Dependability of
contralateral-ipsilateral activity difference scores was estimated separately for each set size
and data collection site using the ERP Reliability Analysis Toolbox (Clayson, Carbine, et al.,
2021; Clayson & Miller, 2017). Because CDA scores were calculated as the difference
between activity from different electrode sites on the same trial, residual covariances were
estimated because the constituent events of the difference scores are co-occurring (Clayson,
Baldwin, et al., 2021).

Outcome-neutral test

To ensure that the data can test the stated hypotheses, we included quality checks and
outcome-neutral tests. As an outcome-neutral test, we tested the presence of an asymmetry
between contra- or ipsilateral electrode clusters time-locked to the memory array. For this, we
averaged the ERPs across all set sizes and all subjects (i.e., grand averaged ERP) elicited by
memory arrays that were either contra- or ipsilateral to electrode positions. A paired sample t-
test for CDA between ipsilateral and contralateral sites was performed separately at each
study site to verify the expected within-lab CDA experimental effect. If the t-test was significant
(p < 0.05) with more negative CDA for contralateral activity than for ipsilateral activity, then

this pattern of effect justified moving forward with testing the proposed hypotheses.

Statistical analysis

For all the statistical analyses, frequentist and Bayesian approaches were used. To estimate
effect sizes, the statistical analyses were initially conducted for each participating lab
separately. Because of the small sample size in each lab, we refrained from interpretation of
the lab-specific statistics. However, the overall replication success for the project was

determined based on meta-analytically pooled effect sizes, as per the defined criteria.

Statistical analysis for Hypothesis #1
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A repeated-measures ANOVA of the CDA amplitude in the original study revealed a significant
main effect for set size. Post-hoc t-tests showed significant increases in CDA amplitude for
set sizes 4 and 6 compared to set size 2, with no significant differences between set sizes 4
and 6. In accordance with the original study, we also conducted repeated-measures ANOVA.
The significance level was set to p < 0.02 uncorrected for multiple comparisons. If the ANOVA
revealed a significant main effect, we further conducted post-hoc t-tests (with a significance
level of p < 0.02, one-sided). We specifically tested one-sided, because we hypothesized a
significant increase in CDA amplitude from arrays of 2 items per side to arrays of 4 items per
side [H1.1] and 6 items per side [H1.2.]. As in the original study, we adjusted the p-values with
the Greenhouse-Geisser correction for nonsphericity (Jennings & Wood, 1976). If the ANOVA
revealed a significant main effect, and the post-hoc t-tests show a significant increase in the
CDA amplitude between arrays of 2 items per side and arrays of 4 items per side or 6 items

per side, it supported hypotheses [H1.1] and [H1.2], respectively.

We ran the corresponding analyses in a Bayesian analytical framework using a Bayesian
generalized linear mixed models implemented in the brms R package (Burkner, 2017). In the
following formulas fixed effects are denoted by a “+” symbol and interaction effects by an “+”
symbol, in line with the Wilkinson notation (Wilkinson & Rogers, 1973). The predictor variable
was set size (factor with 3 levels: set sizes 2, 4 and 6; reference level = set size 2). The
covariates included gender (factor with 2 levels: male, female; reference level = female),
handedness (factor with 2 levels: right, left; reference level = right) from Edinburgh
Handedness Inventory (EHI). Due to the very small number of participants in the other and
ambidextrous categories, these subjects were excluded from the Bayesian analyses. Set size
and all covariates were modeled as fixed effects, while site and subject were included as
random effects. Please note that the Bayesian models included only random intercepts for
subject and laboratory. More complex random effects structures, such as random slopes or
fully specified hierarchical models, led to frequent non convergence and unstable parameter
estimates. To ensure reliable and interpretable results, we therefore adopted a parsimonious
random effects specification that captured between subjects and between laboratory variability
while maintaining stable model estimation. Subsequently, the credible intervals (Cls) of the
posterior distributions were calculated from the newly estimated levels of significance. We
opted not to calculate Bayes factors for point estimates to determine whether the effect was
zero or unequal to zero. This decision was made because these Bayes factors, which rely on
the Savage-Dickey ratio, heavily depend on the selection of the prior distribution for each
effect. Instead, we employed a different approach: we considered a model parameter to be
significant if its 98%-CI did not include zero. As suggested by Gelman (2007), the predictors

and outcome variables were scaled to achieve a mean of 0 and a standard deviation of 0.5
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(Gelman, 2007). For initial prior distributions, uninformative Cauchy priors were set to a mean

of 0 and a standard deviation of 2.5.

Importantly, the original Vogel and Machizawa (2004) study conducted ANOVA without
covariates. To ensure direct compatibility with the original findings, our primary replicated
analysis therefore also relied on an ANOVA without covariates. Additional analyses extending
the original design conducted within the Bayesian framework included covariates to account

for between subject and site-relevant variability.

Statistical analysis for Hypothesis #2

In the original paper, VWM capacity was positively correlated with the CDA amplitude increase
from set size 2 to 4 (i.e., when the smaller set size is below typical adult working memory
capacity estimates), but not from set size 4 to 6 (i.e., when both set sizes are at or exceed
capacity estimates for typical adults). To replicate this, we calculated the mean CDA amplitude
increase from set size 2 to 4, and from set size 4 to 6, for each subject individually. The VWM
capacity was calculated using the same formula as in the original study. This formula was
introduced by Pashler (1988) and refined by Cowan (2001). It is based on the assumption that
if a person can retain K items from an S-item array, then the changed item should be among
the K items being held in memory on (K/S) trials, leading to correct answers on (K/S) trials
where an item changed (Cowan, 2001; Pashler, 1988). The formula accounts for the false
alarm rate to adjust for guessing and is expressed as K = S x (H - F), where K is the memory
capacity, S is the set size, H is the observed hit rate in the given set size, and F is the false
alarm rate in the given set size. The resulting K scores from all set sizes (i.e., 2, 4, 6) were
used to compute an average K score, which we used as the behavioral measure of VWM
capacity. The relationship between VWM capacity and an increase in CDA amplitude from 2
to 4 items was statistically tested using Pearson’s correlation. The significance level was set
to p < 0.02 (one-sided). If the Pearson’s correlation revealed a significant positive relationship
between VWM capacity and the CDA amplitude increase from 2 to 4 items, it supported the
hypothesis [H2.1]. Furthermore, we conducted a Bayesian linear mixed model with a prior
assuming the reported correlation coefficient from the original study (r = 0.78). Again,

significance is considered if the 98%-CI of the model parameter does not include zero.

Replication Success
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Replication success was assessed for each hypothesis separately and was defined
operationally as a statistically significant random-effects meta-analytic estimate (at p < 0.02)
combining the results from the different laboratories, in the same direction as in the original

study.

Hypothesis [H1.3] and [H2.2] were analyzed using an equivalence test for meta-analyses
(Lakens, 2017). The equivalence test assesses whether the difference in CDA amplitude
between arrays of 4 items and 6 items is as extreme as the smallest effect size of interest
(SESOI) using the two one-sided tests (TOST) procedure implemented in the R package
TOSTER (Caldwell, 2022; Lakens, 2017). To perform TOST, the SESOI and its lower and
upper equivalence bounds must be established. Simonsohn recommended specifying the
equivalence bounds for replication studies using the “small telescopes approach” (Simonsohn
et al., 2015). The idea is to consider the effect size that would give the original study 33%
power. If the original study had 33% power, the probability of observing a significant effect, if
there was a true effect, is too low to reliably distinguish signal from noise. Using the small
telescopes approach for hypothesis [H1.3], the SESOI is d = 0.36. An alternative approach
would be to calculate the smallest effect size that can be detected at a predefined power level
(e.g., 90%), given the sample size and alpha level. With this approach the smallest effect size
would be very similar to the small telescope approach (i.e., d = 0.44). Therefore, we decided
to define the SESOI based on the “small telescopes approach” (i.e., d = 0.36) as this approach
was specifically recommended for replication studies. The TOST procedure was then
conducted against these bounds based on the SESOI. If the 96% confidence interval of the
meta-analytic effect size falls within the equivalence bounds, the observed meta-analytic effect
is statistically equivalent (Lakens, 2017). In order to test hypothesis [2.2], which postulated
that there is no correlation between the subject's VWM capacity and the CDA amplitude
increase from 4 to 6 items, we conducted another equivalence test. Similar to hypothesis [1.3],

we used the small telescope approach to specify the SESOI (i.e., r = £0.29).

Finally, sequential Bayesian updating was employed by fitting a Bayesian model for each
hypothesis separately to each dataset. The posterior distributions obtained from each analysis
were used as priors for the next analysis, allowing evidence to be accumulated across the
datasets from different labs. This approach was expected to produce greater statistical power

than independent analyses and yield more robust outcome parameters.

Sensitivity analyses
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Recently, there have been concerns regarding the validity of the K score as a measure of
VWM capacity. Specifically, some researchers in the field have noted that K operates under
the assumption of all-or-none memories and does not account for individual decision biases,
which can lead to an overestimation of capacity depending on the observer's strategy (Brady
et al., 2023; Williams et al., 2022).

In light of these concerns, we conducted an additional analysis using the d' (d prime) metric.
d' is a commonly used measure in signal detection theory and provides a unitless, normalized
measure of sensitivity that is independent of response bias. D prime is defined as d' = Z(hit
rate) - Z(false alarm rate). A hit was defined as reporting a color change when there was one,
and a false alarm as reporting such a change when no change occurred. The resulting d’
scores from all set sizes (i.e., 2, 4, 6) were used to compute an average d’ score. Our
reasoning is that replicating the results using both K score (as the primary analysis) and d' (as
an additional analysis) would provide stronger evidence for the observed effect, as it would

demonstrate that the results are not solely dependent on the characteristics of the K measure.

Deviations from Preregistration

A small number of deviations from the preregistered Stage-1 protocol were necessary to

ensure acceptable data quality across laboratories.

(1) We preregistered that data would be collected across 10 laboratories. However, after Stage
1 acceptance, the laboratory in Finland withdrew from the project due to regulatory reasons.
After the laboratory in Finland withdrew from the project, several participating labs agreed to
recruit additional participants to maintain the planned statistical power. Subsequently, we were
also able to include an additional site (Prof. Sauseng’s lab from Zurich; UZH-NCN), which
further increased the total sample size. As a result, the total number of participants exceeded

the preregistered target and was unevenly distributed across laboratories (Table 3).

(2) The preregistered blink threshold of 50 pV in the VEOG channel resulted in an excessive
number of rejected trials in several laboratories. In the seminal CDA study by Vogel and
Machizawa (2004), the authors state that “ERPs were recorded using our standard recording
and analysis procedures, including rejection of trials contaminated by blinks or large eye
movements,” citing earlier work from 1998 (Vogel et al., 1998). However, neither the 2004
paper nor the referenced 1998 work specifies an explicit VEOG amplitude threshold for blink
detection. Similarly, other early CDA studies do not provide a clearly defined numeric criterion
for blink rejection based on VEOG amplitude (Drew & Vogel, 2008; Fukuda & Vogel, 2011,
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McCollough et al., 2007; Vogel & Machizawa, 2004). In later work from the Vogel/Awh lab,
blink detection was implemented using algorithmic, sliding-window step-function approaches
applied to the VEOG signal. For example, Adam (2018) detected blinks using a sliding window
on VEOG (window size = 200 ms, step size = 10 ms, threshold = 50 V). Subsequent studies
(Hakim et al., 2021) further refined this approach by using smaller thresholds (e.g., 30 pVv;
window size = 80 ms, step size = 10 ms). Importantly, these algorithmic thresholds are not
directly comparable to our single-value VEOG amplitude cutoff, as sliding-window methods
detect rapid step-like deflections over short temporal windows rather than absolute VEOG
magnitude at a single time point. In the present study, the preregistered blink criterion of 50
MV was applied as a single-value VEOG threshold, which resulted in an excessive number of
rejected epochs in several laboratories. Because single-value approaches require higher
cutoffs to achieve a comparable level of stringency, we increased the blink threshold to 90 puV

to retain an adequate number of usable epochs across laboratories.

(3) We used ZaplinePlus instead of the preregistered ZapLine algorithm. Several laboratories
exhibited substantial line-noise contamination, and ZaplinePlus provided more robust

identification and suppression of line-noise harmonics while preserving neural signals.

(4) The preregistered criterion defined blocking as amplitude ranges <1 pV for 30 ms. Applying
this threshold would have resulted in the rejection of an unacceptably large proportion of trials
(>30% on average). The threshold was therefore adjusted to <0.1 yV for 60 ms, which
preserved data quality while avoiding disproportionate data loss and is in line with the logic of
flatline detection implemented in automated preprocessing pipelines such as clean_rawdata
(Kothe & Makeig, 2013).

(5) In a subset of laboratories (USF, OSU, UZH-NCN), the eye calibration task did not yield
accurate HEOG amplitudes, resulting in estimates that were either unrealistically high or too
low and therefore would have led to retaining too many trials or removing an excessive number
of trials. For these laboratories, we applied a fixed HEOG threshold of 30 uV, which closely
matched the heuristic value used in the seminal Vogel and Machizawa (2004) and the average

1° amplitude obtained from the laboratories with valid eye calibration data.

(6) The preregistered plan stated that equivalence testing would be evaluated using 90%
confidence intervals, consistent with the standard TOST framework (a = 0.05). However, all
EEGManyLabs replication studies adopt a project-wide significance threshold of a = 0.02 to
ensure a uniform inferential standard across analyses and tasks. The threshold of a = 0.02

was applied consistently throughout the present project for all frequentist statistical tests. To
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maintain internal consistency with the EEGManyLabs inferential framework, the equivalence
tests were therefore conducted using 96% confidence intervals (i.e., 1 - 2a), rather than the

preregistered 90%.
(7) An exploratory preprocessing pipeline incorporating ICA followed by ICLabel-based

component classification was implemented to assess robustness of the results. The ICA

pipeline was not preregistered and is therefore reported only in the Supplement.
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3. Results

To provide a concise overview of the results across hypotheses, preprocessing pipelines, and
statistical frameworks, we summarize the replication outcomes in Table 3. Across the direct,
advanced, and ICA pipelines, outcome neutral effects and set-size-related hypotheses (H1.1-
H1.3) were consistently replicated using both frequentist and Bayesian approaches. In
contrast, the hypothesis targeting the association between the CDA increase from set size 2
to 4 and individual VWM capacity (H2.1) showed less consistent support across analyses, with
replication depending on the specific pipeline and modelling approach and effects consistently
remaining close to the threshold of statistical significance. Finally, equivalence between the
CDA increase from set size 4 to 6 and individual VWM capacity (H2.2) was again consistently

supported across all analyses.
Detailed results for the advanced and ICA pipelines are reported in the Supplementary
Materials, as their outcomes closely mirrored those of the direct pipeline and are included

there to reduce redundancy and streamline the presentation of the results.

Table 3. Summary of the results across analyses and preprocessing pipelines

Note. v = indicates successful replication. X = indicates failure to replicate. LMM = Linear Mixed Model.

Seq = Sequential Updating.

3. 1. Sample Characteristics and Artifact-Related Trial Rejection

Table 4 provides an overview of the demographic characteristics of all participants across the

10 laboratories. In total, 304 participants were recruited. After trial rejection and subject
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exclusion, the final sample comprised 217 participants in the direct pipeline, 231 participants
in the advanced pipeline, and 266 participants in the ICA pipeline. For comparison, the original
study (Vogel & Machizawa, 2004) reported only limited demographic information, including
the total sample size (N = 36) and an age range of 21-33 years. No further details (e.g., sex,

handedness) were provided.

Table 4. Demographic characteristics of the full sample (N = 304).

Note. M = Mean. SD = Standard deviation. R = Right. L = Left. A = Ambidextrous.

Table 5 summarizes the number of rejected trials across laboratories for each exclusion
criterion and preprocessing pipeline. As preregistered, trials were rejected due to amplitude
thresholds, blocking artefacts, VEOG artefacts (i.e., blinks), and HEOG artefacts (i.e.,
saccades). In addition, 4 laboratories collected eye-tracking data. For these sites, blink and
saccade rejections in the advanced and ICA pipelines were based on ET-detected events
rather than VEOG/HEOG thresholds. In contrast, the original study (Vogel & Machizawa,
2004) only reports that trials containing artefacts were rejected, without providing quantitative

information on the number or proportion of rejected trials.

Table 5. Number of rejected trials by rejection criterion, laboratory, and preprocessing pipeline.

24



Pipeline  Amplitude Blocking VEOG HEOG ET Blink ET Saccade Final N
M SD M SD M SD M SD M SD M SD
Dartmouth College
Direct 4818  109.06 0 0 7679 12239 8189 12694 - - - - 23
Advanced 10.14 2711 O 0 3221 3501 3864 8392 - - - - 27
ICA 1018 2717 0 0 31.86 3547 3675 817 - - - - 27
University of South Florida
Direct 99.14 13042 0 0 16524 151.02 97.44 12918 - . - - 26
Advanced 67.1  99.34 0 0 13458 143.48 714 9171  — - - - 33
ICA 6022  96.66 0 0 83.64 15088 4056 7512  — D - - 40
Johannes Gutenberg University Mainz
Direct 356 693 0 0 12012 15228 17496 12382 - - - - 11
Advanced 352 695 0 0 128.68 152.34 174.84 12376 - - - - 11
ICA 136 297 0 0 372 723 452 . 1172 - - - - 25
University of Miinster
Direct 4027 9891 0.1 0.4 3427 3603 3627 4643 - - - - 26
Advanced 3847 13437 043 203 _ 3667 4352 3527 9358 2197 2233 1953  20.08 28
ICA 3283 13298 047 237 . 282 13024 242 13142 2197 2233 1953  20.08 28
North Dakota State University
Direct 529 1144 0 0 7893  97.46 6368 7858 - - - - 22
Advanced 257 681 .0 0 65.80 9855 63.82  78.82  49.18 7441 5243 8541 25
ICA 225 654 0 0 6.86 1275 632 2376  49.18 7441 5243 8541 25
The Ohio State University
Direct 1571 3292 0 0 76.04  89.99 2621 5938 - - - - 20
Advanced 8.88 1474 0 0 3521 6192 1396 1778 8242 9446 10025 109.43 19
ICA 821 1469 0 0 658 1508 11.33 1889 8242 9446 10025 109.43 19
University of Iceland
Direct 118 3244 0 0 79.83 121 796 8264 - - - - 24
Advanced 11.37 3191 0 0 657 1596 14467 19585 - - - - 22
ICA 977 3105 0 0 447 1474 8687 16568 — - - - 24

University of Sheffield
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Note. M = Mean. SD = Standard deviation. Eye-tracking (ET) data and ET-based rejection criteria were
available only for the WWU, NDSU, OSU, and UZH-MPR laboratories. An em dash (—) indicates that

ET data were either not recorded at that site or were not included in the analysis pipeline.

3. 2. Behavioral Results

Performance in the color change detection task, expressed as accuracy, was 87.7% * 14.5%
for set size 2, 75.8% + 13.0% for set size 4, and 65.2% + 10.5% for set size 6 (Table 6). The
average accuracy across all set sizes was 76.2% + 12.0%. Performance in the color change
detection task, expressed as K scores, was 1.61 + 0.52 for set size 2, 2.26 + 0.93 for set size
4, and 2.11 £ 1.10 for set size 6. The average K score across all set sizes was 1.99 + 0.80.
Performance expressed in d' (d-prime) was 3.09 + 1.26 for set size 2, 1.82 + 0.87 for set size
4, and 1.14 + 0.62 for set size 6, with an overall mean d' of 2.01 £ 0.86. The average K score
and average d' were strongly correlated (r = 0.93, p = 2.93e-95), indicating high convergence
between the two behavioral measures. Additionally, all further analyses based on K-score and
d’ yielded highly similar results. The original study (Vogel & Machizawa, 2004) did not report
detailed behavioral summary statistics (e.g., accuracy, K-scores, or d'), although an
approximate average K-score of 2.8-2.9, averaged across set sizes 2, 4, and 6, can be visually

inferred from the published figure.

Table 6. Performance in the color change detection task.
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Note. M = Mean. SD = Standard deviation.

3. 3. Data Quiality and Psychometric Internal Consistency

Estimates of data quality (i.e., standardized measurement error; SME) and psychometric
internal consistency (i.e., dependability coefficients) were computed for each laboratory and
each set size for all 3 preprocessing pipelines (Clayson, Brush, et al., 2021). Dependability
coefficients for the CDA, derived from generalizability theory and conceptually analogous to
coefficient alpha in classical test theory (Clayson, Carbine, et al., 2021; Shavelson & Webb,
2012) were generally high across sites, with most laboratories achieving values above 0.75
(Table 7). For set size 2, dependability ranged from 0.39 to 0.90. A similar pattern was
observed for set size 4, with coefficients spanning 0.36 to 0.93. For set size 6, dependability
values ranged from 0.35 to 0.92. Overall, CDA dependability coefficients in the present study
were generally within or above the range considered acceptable for preliminary research (=
0.70) and, for many laboratories, approached or exceeded the more stringent threshold
recommended for studies of group differences (= 0.80; Clayson & Miller, 2017; Nunnally &
Bernstein, 1994).

Data quality, indexed by the SME of single-trial CDA amplitudes, showed comparable patterns
across sites and set sizes (Table 7). SME values for set size 2 ranged from 0.297 to 1.439.
For set size 4, SME values ranged from 0.299 to 1.382, and for set size 6, values ranged from
0.297 to 1.426. Across the majority of laboratories, SME values clustered between
approximately 0.35-0.50, indicating precise trial-level CDA estimates. USF again showed
substantially larger SME values across all set sizes, consistent with its lower dependability

coefficients. Importantly, as emphasized by Luck and colleagues (2021), SME is intended as
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a continuous index of data quality rather than a metric with predefined acceptability thresholds,
and it is therefore difficult to classify SME values as intrinsically “good” or “bad”. Instead, lower
SME values indicate higher precision and reliability. Together, these results demonstrate that
CDA amplitudes were estimated with good precision and strong internal consistency across
most participating laboratories, providing confidence in the reliability of the measurements

underlying the primary analyses.

Table 7. Data Quality Metrics Across Laboratories.
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Note. Cl = Confidence Interval. SME = Standardized Measurement Error.

3. 4. Results of the Direct Replication

Here, we report the results of the direct replication pipeline, which follows the procedures of
the original study as closely as possible. Figure 3 displays the grand-average contralateral
and ipsilateral ERPs, the grand-average CDA with set size effects, an error-bar plot with 98%-
Clillustrating the set size effects, as well as the relationship between memory capacity defined
as K-score and the amplitude increase from 2 to 4 items, with all subjects from all laboratories

collapsed into a single combined dataset.
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Figure 3. Direct Pipeline. Grand-average CDA effects across all participants and labs, averaged across
posterior electrode clusters (left: P3, P7, O1; right: P4, P8, O2). (A) Outcome Neutral Test: Contralateral
vs. ipsilateral ERP. Subplots (B) and (C) illustrate the set size effect specified in hypothesis #1, with (B)
showing ERP responses by set size and (C) displaying CDA amplitudes for set sizes 2, 4, and 6 with
98% confidence intervals. The grey shaded region in (B) indicates the time window used for statistical
analysis. (D) Association between the CDA increase from set size 2 to 4 and VWM capacity (K-score).
The line represents the best linear fit. For visualization purposes only, participants were pooled across

laboratories into a single combined sample.

3. 4. 1. Outcome Neutral Test

We first conducted the outcome-neutral test to assess whether the expected contralateral-
ipsilateral asymmetry was present across labs, using a frequentist approach, a Bayesian

generalized linear mixed-model and a Bayesian sequential updating procedure.
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3. 4. 1. 1. Frequentist Approach

The frequentist approach revealed a robust contralateral-ipsilateral asymmetry across

laboratories. Paired-sample t-tests at each lab consistently yielded significant contralateral-

ipsilateral differences (all p < 0.05), with contralateral activity exhibiting more negative

amplitudes than ipsilateral activity (Table 8).

Table 8. Direct Pipeline. Paired-sample t-tests showing contralateral-ipsilateral CDA asymmetry at each

laboratory.

09
0.8

Note. M = Mean. SD = Standard deviation. Df = Degrees of freedom.
*n < 0.05. **p < 0.01. ***p < 0.001

A random-effects meta-analysis confirmed a significant overall asymmetry (average g, =-0.96,
98%-Cl = [-1.28, -0.65], t = -8.62, p = 1.21e-5), replicating the results from the original study

(Figure 4). Taken together, these results verify that the dataset provides a reliable

contralateral-ipsilateral asymmetry effect, thereby fulfilling the preregistered criterion for

proceeding with the main analyses.
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Standardised Mean

Lab 9z SE 98% CI Difference Weight
DART -1.0318 0.2711 [-1.66; -0.40] ‘ 10.5%
USF -0.56254 0.2139 [-1.02; -0.03] e 13.6%
JGU -0.8152 0.3834 [-1.71; 0.08] — 6.5%
WwWu -1.6369 0.3192 [-2.38;-0.89] —+— 8.5%
NDSU -0.9481 0.2692 [-1.57;-0.32] —a 10.6%
osu -1.4359 0.3439 [-2.24;-0.64] —+—— 7.7%
ul -0.6804 0.2337 [-1.22;-0.14] —— 12.5%
TUOS -0.6175 0.2960 [-1.31; 0.07] — 9.4%
UZH-MPR -1.0996 0.2404 [-1.66; -0.54] —a 12.1%
UZH-NCN -1.2064 0.3140 [-1.94;-048] ——— 8.7%
Random effects model (HK) [-1.28; -0.65] < 100.0%
Prediction interval [-1.67; -0.26] : I_ : |

Heterogeneity: 1?=38%, p =0.11

Figure 4. Direct Pipeline. Forest plot of the meta-analysis for outcome-neutral test: contralateral-
ipsilateral asymmetry across labs. For each laboratory, the plot shows the effect size estimate Hedges’
g with its standard error and corresponding 98% confidence interval. Squares represent lab-specific
effect size estimates, with square size proportional to the inverse-variance weight, indicating the relative
contribution of each laboratory to the pooled estimate (larger squares reflect greater weight due to
higher precision). Horizontal lines denote 98% confidence intervals. The random-effects meta-analytic
estimate (Hartung-Knapp adjustment) is shown as a diamond with its 98% confidence interval, together
with the 98% prediction interval. Between-laboratory heterogeneity is quantified using 12, with the

associated p-value reported.

3. 4. 1. 1. Bayesian Approach

To complement the frequentist analyses, we estimated a Bayesian generalized linear mixed
model predicting lateralized ERP amplitude from laterality (factor with 2 levels: contralateral,
ipsilateral; reference level = contralateral) while including laboratory and subject as random
intercepts. As preregistered (see Stage 1 Registered Report), all Bayesian models additionally

controlled for gender and handedness.

ERP Amplitude ~ Laterality * Gender * Handedness + (1|Subject) + (1|Lab)

CDA amplitudes were credibly more positive at ipsilateral than contralateral electrodes
(Estimate = 0.20, 98%-CIl = [0.15, 0.24]), with the 98% credible interval for the laterality effect
excluding zero, indicating robust evidence for the contralateral-ipsilateral asymmetry effect
across laboratories. None of the covariates showed credible associations with CDA amplitude,

as the 98% credible intervals for gender and handedness all included zero.
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Finally, we implemented the Bayesian sequential updating procedure to evaluate the stability
of the contralateral-ipsilateral asymmetry as evidence accumulated across laboratories. For
the first site, we fit a Bayesian regression model predicting CDA amplitude from laterality using
weakly informative (uniform) priors. The posterior from this model was then used as the prior
for the next lab, and this process was repeated iteratively across all ten sites, allowing the
posterior distribution to be continuously updated as new data were incorporated. The final
posterior distribution after integrating evidence across all labs provided clear support for the
predicted contralateral-ipsilateral asymmetry (Estimate = 0.21, 98%-CI = [0.18, 0.24]), with

CDA amplitudes more positive at ipsilateral than contralateral electrodes.

3. 4. 2. Hypothesis #1: Set Size Effects

Having established that all laboratories reproduced the expected contralateral-ipsilateral
asymmetry, we next turned to the analyses examining set-size-dependent changes in CDA
amplitude. In line with the preregistration, we assessed these effects using both a frequentist
repeated-measures ANOVA with post-hoc t-tests, a Bayesian generalized linear mixed-model

approach and a Bayesian sequential updating procedure.

3. 4. 2. 1. Frequentist Approach

We first examined the set-size effect between arrays of 2, 4, and 6 items using the frequentist
approach. A repeated-measures ANOVA was conducted separately for each laboratory (Table
9). Out of the 10 participating sites, 6 labs (DART, JGU, WWU, NDSU, and both UZH labs)
showed a statistically significant main effect of set size (all p < 0.02), whereas 4 labs (USF,
OSU, Ul and TUOS) did not reach statistical significance (p > 0.02).

Table 9. Direct Pipeline. Results of the repeated-measures ANOVA assessing the set size effect across

labs.
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Note. Df = Degrees of freedom.
*n < 0.02. **p < 0.01. ***p < 0.001

Hypothesis #1.1. CDA amplitude increase from set size 2 to 4

Next, we tested Hypothesis H1.1, which predicted an increase in CDA amplitude from set size
2 to 4. To this end, we computed post-hoc paired t-tests for all sites (Table 10). 6 labs (DART,
JGU, WWU, OSU, and both UZH labs) showed statistically significant differences between set
sizes 2 and 4, whereas in 4 labs the difference did not reach statistical significance (USF,
NDSU, Ul and TUOS).

Table 10. Direct Pipeline. Post-hoc t-tests for the set size 2 vs. 4 comparisons across laboratories.

1f

Note. M = Mean. SD = Standard deviation. Df = Degrees of freedom.
*n < 0.02. **p < 0.01. **p < 0.001

To assess the overall effect across labs, we performed a random-effects meta-analysis on the
site-wise effect sizes (Figure 5). The meta-analysis revealed a robust set size effect (average
g: = 0.63, 98%-CI = [0.25, 1.02], t = 4.63, p = 0.001), replicating the original effects. Thus,
despite minor variability across individual labs, the meta-analytic evidence indicates a reliable

increase in CDA negativity for set size 4 compared with set size 2.
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Standardised Mean

Lab 9z SE 98% CI Difference Weight
DART 0.6858 0.2395 [0.13;1.24] —_— 10.6%
USF -0.1872 0.2003 [-0.65; 0.28] —=— 11.7%
JGU 1.2041 0.4542 [0.15; 2.26] ——— 5.9%
Wwu 0.9171 0.2428 [0.35; 1.48] —— 10.5%
NDSU 0.5193 0.2332 [-0.02; 1.06] — 10.8%
osu 0.5904 0.2505 [0.01;1.17) o 10.3%
ul 0.3007 0.2121 [-0.19; 0.79] R 11.4%
TUOS 0.5174 0.2868 [-0.15; 1.18] T 9.3%
UZH-MPR 1.2187 0.2514 [0.63; 1.80] —i— 10.3%
UZH-NCN 0.9745 0.2868 [0.31; 1.64] — 9.3%
Random effects model (HK) [ 0.25; 1.02] = 100.0%
Prediction interval [-0.48; 1.74] | : : |

Heterogeneity: 1> =69%, p < 0.01
-2 -1 0 1 2

Figure 5. Direct Pipeline. Forest plot of the meta-analysis for set size 2 vs. 4 across laboratories. For
each laboratory, the plot shows the effect size estimate Hedges’ g with its standard error and
corresponding 98% confidence interval. Squares represent lab-specific effect size estimates, with
square size proportional to the inverse-variance weight, indicating the relative contribution of each
laboratory to the pooled estimate (larger squares reflect greater weight due to higher precision).
Horizontal lines denote 98% confidence intervals. The random-effects meta-analytic estimate (Hartung-
Knapp adjustment) is shown as a diamond with its 98% confidence interval, together with the 98%
prediction interval. Between-laboratory heterogeneity is quantified using I2, with the associated p-value

reported.

Hypothesis #1.2. CDA amplitude increase from set size 2 to 6

We next compared CDA amplitudes between set sizes 2 and 6 (Table 11). Post-hoc t-tests
revealed statistically significant differences between set sizes 2 and 6 only in 3 out of 10 labs
(WWU, and both UZH labs).

Table 11. Direct Pipeline. Post-hoc t-tests for the set size 2 vs. 6 comparison across laboratories.

Note. M = Mean. SD = Standard deviation. Df = Degrees of freedom.
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*p < 0.02. **p < 0.01. **p < 0.001

To quantify the overall effect across laboratories, we again performed a random-effects meta-
analysis on the site-level effect sizes (Figure 6). This analysis yielded a significant overall
difference between set sizes 2 and 6 (average g, = 0.53, 98%-Cl =[0.16, 0.81],t=4.24,p =
0.002), replicating the original effect. These results indicate a reliable increase in CDA

negativity for set size 6 compared with set size 2 across labs.

Standardised Mean

Lab 9z SE 98% CI Difference Weight
DART 0.3405 0.2185 [-0.17; 0.85] —’—'— 11.0%
USF 0.0395 0.1984 [-0.42; 0.50] —— 11.8%
JGU 0.6169 0.3543 [-0.21; 1.44] T 6.7%
Wwu 0.7806 0.2314 [0.24;1.32] —— 10.5%
NDSU 0.4403 0.2285 [-0.09; 0.97] T— 10.6%
osu 0.4740 0.2424 [-0.09; 1.04] - 10.1%
ul 0.1224 0.2075 [-0.36; 0.61] —'—'— 11.4%
TUOS 0.2146 0.2678 [-0.41; 0.84] — 9.2%
UZH-MPR 1.1951 0.2492 [0.62; 1.77] ——'—— 9.8%
UZH-NCN 0.8279 0.2714 [0.20; 1.46] —— 9.1%
Random effects model (HK) [ 0.16; 0.81] - 100.0%
Prediction interval [-0.38; 1.35] — —f |

Heterogeneity: 1> =57%, p = 0.01
15 -1 -050 05 1 15

Figure 6. Direct Pipeline. Forest plot of the meta-analysis for set size 2 vs. 6 across laboratories. For
each laboratory, the plot shows the effect size estimate Hedges’ g with its standard error and
corresponding 98% confidence interval. Squares represent lab-specific effect size estimates, with
square size proportional to the inverse-variance weight, indicating the relative contribution of each
laboratory to the pooled estimate (larger squares reflect greater weight due to higher precision).
Horizontal lines denote 98% confidence intervals. The random-effects meta-analytic estimate (Hartung-
Knapp adjustment) is shown as a diamond with its 98% confidence interval, together with the 98%
prediction interval. Between-laboratory heterogeneity is quantified using 12, with the associated p-value

reported.

Hypothesis #1.3. Equivalence between CDA amplitude in set sizes 4 and 6

To assess whether CDA amplitudes for set sizes 4 and 6 were statistically equivalent, we
conducted an equivalence test on the random-effects meta-analytic effect size, using
equivalence bounds defined by the preregistered SESOI (Cohen’s d = £0.36; Figure 7). The
TOST was performed on the pooled Hedges’ g estimate across all labs and its standard error
(average g; = -0.13, 98%-Cl = [-0.29, 0.03], t = -2.31, p = 0.046), with significance evaluated
using 96% confidence intervals (a = 0.02), in line with the statistical framework adopted across

analyses. The TOST indicated statistical equivalence between set sizes 4 and 6 (Z = 4.06,
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96%-Cl = [-0.25, -0.01], p = 2.50e-5). The traditional null-hypothesis significance test did not
reach significance (Z = -2.31, 98%-CIl = [-0.26, 0.003], p = 0.021), indicating no detectable
difference between set sizes 4 and 6. Taken together, our analyses indicate that CDA
amplitudes for set sizes 4 and 6 do not differ significantly and fall within the preregistered

eqguivalence bounds, replicating the pattern reported in the original study.

Equivalence bounds -0.36 and 0.36
Effect size = -0.13
TOST: 96% CI [-0.246;-0.014] significant
NHST: 98% CI1 [-0.261;0.001] non-significant

-0.4 -0.2 0.0 0.2 04

Effect size

Figure 7. Direct Pipeline. Equivalence test results for the meta-analytic comparison of set sizes 4 and
6 (H1.3). Mean difference (black square) is shown together with 96% TOST confidence intervals (thick

horizontal lines) and 98% NHST confidence intervals (thin horizontal lines). Equivalence bounds were

set at d = -0.36 and d = 0.36 based on the small-telescope approach (dashed vertical lines).

3. 4. 2. 2. Bayesian Approach

To complement the frequentist analyses, we estimated a Bayesian generalized linear mixed
model predicting CDA amplitude from set size (factor with 3 levels: set sizes 2, 4, and 6;
reference level: set size 2) while including subject and laboratory as random intercepts. Again,
the Bayesian linear mixed model additionally controlled for gender and handedness, in

accordance with Stage 1 Registered Report.

CDA ~ SetSize * Gender * Handedness + (1|Subject) + (1|Lab)

The posterior distributions provided clear evidence for set-size-dependent changes in CDA
amplitude. Relative to set size 2 (reference level), CDA amplitudes were more negative for
both set size 4 (Estimate = -0.22, 98%-CI = [-0.31, -0.13]) and set size 6 (Estimate = -0.19,
98%-Cl = [-0.28, -0.10]). When re-leveling the model to use set size 4 as the reference, the

posterior estimate for the contrast between set sizes 6 and 4 was small (Estimate = 0.03, 98%-
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Cl = [-0.04, 0.11]), with the credible interval including zero, indicating no evidence for a
difference in CDA amplitude between the two larger set sizes. None of the covariates showed
credible associations with CDA amplitude: the 98%-Cls for gender and handedness predictors
all included zero, indicating no evidence that these factors meaningfully contributed to
variability in CDA amplitude. Taken together, the Bayesian results closely mirror the
frequentist findings, providing convergent evidence that CDA amplitudes reliably increase

from set size 2 to 4 and from set size 2 to 6 across laboratories.

Finally, we implemented the Bayesian sequential updating procedure to evaluate the stability
of the set-size effects as evidence accumulated across laboratories. For the first site, we fit a
Bayesian regression model predicting CDA amplitude from set size using weakly informative
(uniform) priors. The posterior from this model was then used as the prior for the next lab, and
this process was repeated iteratively across all ten sites, allowing the posterior distribution to
be continuously updated as new data were incorporated. The final posterior distribution after
integrating evidence across all labs provided clear support for the predicted set-size effects.
Relative to set size 2 (reference level), CDA amplitudes were credibly more negative for both
set size 4 (Estimate = -0.24, 98%-CI = [-0.30, -0.18]) and set size 6 (Estimate = -0.18, 98%-
Cl =[-0.24, -0.13]). In both cases, the 98% credible intervals excluded zero, indicating strong
cumulative evidence for load-dependent increases in CDA negativity as memory load
increases. When re-leveling the model to use set size 4 as the reference, the posterior
estimate for the contrast between set sizes 6 and 4 was small (Estimate = 0.06, 98%-ClI = [-
0.001, 0.12]), with the credible interval including zero, indicating no evidence for a difference

in CDA amplitude between the set sizes 4 and 6.

3. 4. 3. Hypothesis #2: Correlation of CDA Increase with VWM Capacity

In the following analyses, we investigated whether individual differences in behavioral
performance in the change detection task are related to CDA amplitude increases from 2 to 4
items and from 4 to 6 items, using both frequentist and Bayesian statistical models to test our
preregistered hypotheses.

3. 4. 3. 1. Frequentist Approach

Hypothesis #2.1. Correlation between CDA increase from set size 2 to 4 and VWM capacity

First, we examined whether the increase in CDA amplitude from set size 2 to 4 correlates with

VWM capacity, computed as average K-score over set sizes 2, 4, and 6. The correlation
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coefficients were computed separately for each lab and then synthesized using a random-
effects meta-analysis. The correlations did not reach statistical significance in a single lab (all
p > 0.02). As shown in Table 12 and Figure 8, individual lab correlations varied in magnitude

and direction, with confidence intervals often spanning zero.

Table 12. Direct Pipeline. Correlations between CDA amplitude increase from set sizes 2 to 4 and VWM

capacity across laboratories

48

0.52

0.6

Note. M = Mean. SD = Standard deviation.
*p < 0.02. **p < 0.01. **p < 0.001

Across the ten labs, the random-effects meta-analysis yielded a small positive correlation that
did not reach statistical significance (r = 0.13, 98%-CI = [-0.09, 0.36], t = 1.68, p = 0.128),
indicating no reliable evidence for a positive association between VWM capacity defined as a
K-score and the CDA increase from set size 2 to 4. Taken together, these results do not
provide evidence for the positive relationship predicted by Hypothesis 2.1, nor do they

replicate the strong association reported in the original study.

Lab Pearson's r SE 98% CI Correlation Weight
DART 0.38 0.2236 [-0.12; 0.73] ——— 10.7%
USF -0.33  0.2085 [-0.68;0.14] —+—1— 11.9%
JGU 0.42 0.3536 [-0.36; 0.85] ; 4.9%
WWwWu 0.14 0.2085 [-0.33; 0.56] X 11.9%
NDSU 0.16 0.2294 [-0.36; 0.60] —_—t 10.3%
osu 0.44  0.2425 [-0.09; 0.78] : 9.4%
Ul 0.15 0.2182 [-0.34; 0.58] : 11.1%
TUOS 0.26 0.2887 [-0.38; 0.74] — 7.0%
UZH-MPR -0.05 0.1925 [-0.46; 0.38] —'._'_ 13.4%
UZH-NCN 0.04 0.2425 [-0.48; 0.54] 9.4%
Random effects model [-0.09; 0.35] JO 100.0%
Prediction interval [-0.28; 0.51] ——

Heterogeneity: 12 =17%, p = 0.29 [
-04-0.2 0 020406 0.8
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Figure 8. Direct Pipeline. Forest plot of the meta-analysis for the correlation between amplitude increase
from set size 2 to 4 and VWM capacity defined as K-score. For each laboratory, the plot shows
Pearson's r correlation coefficient with its standard error and corresponding 98% confidence interval.
Squares represent lab-specific effect size estimates, with square size proportional to the inverse-
variance weight, indicating the relative contribution of each laboratory to the pooled estimate (larger
squares reflect greater weight due to higher precision). Horizontal lines denote 98% confidence
intervals. The random-effects meta-analytic estimate (Hartung-Knapp adjustment) is shown as a
diamond with its 98% confidence interval, together with the 98% prediction interval. Between-laboratory

heterogeneity is quantified using 12, with the associated p-value reported.

As a sensitivity analysis, we conducted an analogous meta-analysis using d' instead of K-
score to quantify performance. Across the ten laboratories, the random-effects meta-analysis
revealed a small positive but non-significant correlation (r = 0.09, 98% CI =[-0.14, 0.32], t =

1.10, p = 0.301), supporting the results of the analyses using K-score.

Given the comparatively poor data quality observed for the USF laboratory (Table 7), we
conducted an exploratory sensitivity analysis to assess whether this site disproportionately
influenced the correlation between the CDA increase from set size 2 to 4 and individual VWM
capacity. Specifically, we repeated the full set of analyses for H2.1 after excluding the USF
dataset. Across the 9 remaining laboratories, the random-effects meta-analysis revealed a
slightly stronger positive correlation between CDA increase and K score that reached
statistical significance (r = 0.19, 98%-CI [0.02, 0.35], t = 3.16, p = 0.013). In contrast, the
corresponding analysis using d’' as the measure of VWM capacity showed a smaller, non-
significant association (r = 0.13, 98%-CI [-0.10, 0.35], t = 1.63, p = 0.142).

Hypothesis #2.2. Correlation between CDA increase from set size 4 to 6 and VWM capacity

Subsequently, to evaluate whether the association between VWM capacity and the CDA
amplitude increase from set size 4 to 6 was small enough to be considered statistically
equivalent, we conducted an equivalence test on the random-effects meta-analytic correlation,
using the preregistered SESOI (r = £0.29) derived from the small telescopes approach (Figure
9). The TOST indicated statistical equivalence (Z = -3.03, 96%-CI = [-0.20, 0.20], p = 0.002).
The traditional null-hypothesis significance test did not reach significance (Z = 0.01, 98%-CI =
[-0.23, 0.23], p = 0.994), indicating no detectable correlation between VWM capacity and the
CDA increase from set sizes 4 to 6. Taken together, these results show that the CDA increase
from 4 to 6 items is both statistically indistinguishable from zero and statistically equivalent

within the preregistered bounds, thereby replicating the pattern reported in the original study.
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Equivalence bounds -0.299 and 0.299
Effect size = 0.001
TOST: 96% CI [-0.201;0.203] significant
NHST: 98% CI [-0.228;0.23] non-significant

I [ [ I I
-0.3 -0.2 -0.1 0.0 0.1 0.2 0.3

Effect size

Figure 9. Direct Pipeline. Equivalence test for the correlation between VWM capacity and CDA
increase from set size 4 to 6 (H2.2). Mean difference (black square) is shown together with 96%

TOST confidence intervals (thick horizontal lines) and 98% NHST confidence intervals (thin horizontal

lines). Equivalence bounds were set at d = —0.299 and d = 0.299 based on the small-telescope

approach (dashed vertical lines).

3. 4. 3. 2. Bayesian Approach

Hypothesis #2.1. Correlation between CDA increase from set size 2 to 4 and VWM capacity

To complement the frequentist analyses, we examined the relationship between VWM
capacity and the CDA increase from set size 2 to 4 within a Bayesian framework. We fitted a
Bayesian linear mixed model with VWM capacity as the predictor and the CDA difference (set
size 4 minus set size 2) as the outcome, including laboratory as a random intercept, and
gender and handedness as covariates. Consistent with our preregistration, the model used a

prior centered on the correlation reported in the original study (r = 0.78).

CDA 4> ~ K * Gender * Handedness + (1|Lab)

The posterior distribution provided no evidence for a relationship between the CDA increase
and VWM capacity (Estimate = 0.16, 98%-CI = [-0.06, 0.38]). The posterior mean was close
to zero, and the credible interval spanned both positive and negative values, indicating a high
probability that any true association is negligible. The posterior distributions for all covariates
(gender and handedness) likewise overlapped zero, suggesting that none of the covariates

contributed meaningfully to the model.

41



© 00 N oo 0o B~ W DN P

W W WNNDNDNNDNDNDDNDNNIERIERIPRRRPEP P P PP
N P O © ® N o 00 B W N PO © 00 N O 00 W N PP O

Finally, we applied the Bayesian sequential updating procedure to evaluate whether evidence
for a relationship between VWM capacity and the CDA increase from set size 2 to 4 would
accumulate across laboratories. Starting with weakly informative priors for the first dataset,
the posterior from each lab was used as the prior for the subsequent lab, allowing the evidence
to be integrated iteratively across all ten sites. The final posterior distribution converged tightly
around zero, with the posterior mean close to zero and the 98% credible interval including
both positive and negative values (Estimate = 0.14, 98%-CI [-0.03, 0.31]). Taken together, the
sequential updating analysis confirms the results from the frequentist, and standard Bayesian
models: across accumulating evidence from all laboratories, there is no indication that CDA

increase from set size 2 to 4 is related to VWM capacity.

Hypothesis #2.2. Correlation between CDA increase from set size 4 to 6 and VWM capacity

Finally, we examined the relationship between VWM capacity and the CDA increase from set
size 4 to 6 within a Bayesian framework. We fitted a Bayesian linear mixed model with VWM
capacity as the predictor and the CDA difference (set size 6 minus set size 4) as the outcome,
including laboratory as a random intercept. The original study did not report the correlation
between amplitude increase from set size 4 to 6, therefore, we used weakly informative

(uniform) priors.

CDA 6.4 ~ K * Gender * Handedness + (1|Lab)

The posterior distribution provided no evidence for a relationship between the CDA increase
from set size 4 to 6 and VWM capacity (Estimate = 0.04, 98%-Cl = [-0.17, 0.26]). The posterior
mean was close to zero, and the credible interval spanned both positive and negative values,
indicating a high probability that any true association is negligible. The posterior distributions
for all covariates (gender and handedness) likewise overlapped zero, suggesting that none of

the covariates contributed meaningfully to the model.

Consistent with this result, the Bayesian sequential updating analysis yielded an estimate
close to zero (Estimate = 0.002, 98%-Cl = [-0.17, 0.18]), with the credible interval again
spanning both positive and negative values, providing no evidence for a reliable association

between the CDA increase from set size 4 to 6 and VWM capacity.
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Discussion

In this multi-site replication study, we aimed to evaluate two central claims from Vogel and
Machizawa (2004): that the CDA reliably tracks increases in VWM load, and that the
magnitude of the CDA increase from set size 2 to 4 correlates with individual VWM capacity.
Consistent with the original findings, we reproduced a clear CDA lateralization effect and
robust set size increases in CDA amplitude from set size 2 to 4 and from set size 2 to 6,
demonstrating that the component is a robust neural marker of VWM maintenance across
diverse samples, EEG systems, and testing environments. In contrast, we found no compelling
evidence for the predicted positive correlation between CDA amplitude increase from set size
2 to 4 and VWM capacity. With the exception of a small effect that reached statistical credibility
only in the Bayesian sequential-updating analysis of the advanced pipeline, all other estimates
were smaller than those reported in the original study and previous meta-analyses. Taken
together, these findings indicate that while the CDA is a robust indicator of memory load, its
value as a reliable marker of individual differences in VWM capacity is likely substantially more

limited than previously assumed.

CDA as a Marker of Memory Load (Hypothesis #1)

Across laboratories, our results provide strong support for the robustness of the CDA as a
neural marker of visual working memory load, in line with a large body of prior work (Adam et
al., 2018; Diamantopoulou et al., 2011; Drew & Vogel, 2008; Feldmann-Wiustefeld, 2021;
Feldmann-Wustefeld et al., 2018; Hakim et al., 2019, 2020; Kang & Woodman, 2014; Kundu
et al., 2013; Kuo et al., 2012; Lefebvre et al., 2013; Leonard et al., 2013; Luria et al., 2016;
Ngiam et al., 2021; Roy & Faubert, 2023; Stérmer et al., 2013; Trondle & Langer, 2024;
Tsubomi et al.,, 2013; Unsworth et al.,, 2015; Villena-Gonzalez et al., 2020; Vogel &
Machizawa, 2004). In both the direct and advanced pipelines, all (or all but one) laboratories
showed a robust contralateral-ipsilateral asymmetry, and the meta-analytic effect sizes were
large (g = -0.95), confirming that a sustained contralateral negativity emerges consistently
during the retention interval. Importantly, CDA amplitudes increased systematically from set
size 2 to 4 and from 2 to 6, with random-effects meta-analyses yielding medium-to-large
effects (g, = 0.45-0.65) despite some variability in statistical significance at the level of
individual sites, which is expected when the same underlying effect is tested repeatedly across
multiple independent samples. Equivalence tests further indicated that CDA amplitudes for set
sizes 4 and 6 were statistically equivalent and fell within the preregistered equivalence bounds,
replicating the plateau pattern reported by Vogel and Machizawa (2004), which parallels the

average human working memory capacity limit of around four items. The Bayesian mixed
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models and sequential updating analyses converged with the frequentist results, providing
clear evidence for load-dependent increases from set size 2 to 4 and 2 to 6, but no credible
difference between 4 and 6 items. Together with the high dependability coefficients and low
SME values observed at most sites, these findings demonstrate that the CDA can be
measured with good precision and internal consistency across different samples, EEG
systems, laboratories, and recordings environments. Thus, at the process level, our multi-site
study confirms that the CDA is a robust and psychometrically reliable electrophysiological

index of the number of items held in visual working memory.

Correlation of CDA Increase with VWM Capacity (Hypothesis #2)

In contrast to the robust set-size effects, our multi-lab replication provided only limited
evidence for the predicted positive association between VWM capacity and the CDA increase
from set size 2 to 4. In both, direct and advanced pipelines, correlations were non-significant
in every laboratory, and the random-effects meta-analysis yielded a small, non-significant
estimate. The Bayesian mixed model likewise produced a posterior centered near zero,
indicating that the current data provided little evidence for a positive relationship between CDA
amplitude increase and VWM capacity. In the ICA pipeline, frequentist correlations were again
non-significant across all sites. However, the Bayesian mixed model and the sequential
Bayesian updating both indicated a small positive association, with an estimated effect of
approximately r = 0.20. Notably, an effect of r = 0.20 is small, accounting for roughly 4% of the
variance, and thus represents only a weak association between neural and behavioral
measures. Taken together, results from all pipelines converge on the conclusion that the CDA
increase does not reliably track individual differences in VWM capacity and that any true

relationship, if present, is substantially smaller and less robust than previously suggested.

The lack of a strong correlation between CDA and behavior deviates from a major finding of
the original (2004) study and from later meta-analyses (Luria et al., 2016; Roy & Faubert,
2023). For instance, the meta-analysis of 11 studies by Luria et al. (2016) yielded a combined
correlation of r = 0.596 (98%-ClI =[0.51, 0.67]), suggesting a robust relationship between CDA
amplitude increase and VWM capacity in the existing literature. Similarly, Roy and Faubert

(2023) reported three medium-to-strong correlations ranging from r = 0.26 to 0.45.
One likely source of discrepancy between our findings and those in the existing literature is

the limited sample size of most published studies examining the correlations between CDA

and VWM capacity, together with substantial between-study variability in how the relationship
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between CDA and VWM capacity is operationalized. Previous studies have correlated VWM
capacity with differences between two different set sizes (e.g., 4-2, 3-1) or with CDA amplitude
at a single set size (e.g., set size 3 or 6). Psychometrically, the reliability of a difference score
is inherently limited when the two contributing variables are highly correlated, as is likely for
capacity estimates at set sizes 4 and 6 provided that variability exists at both levels.
Furthermore, difference scores may capture a distinct, and often smaller, portion of variance
in individual differences in VWM than performance assessed at a single set size or across
conditions, because shared variance between conditions is effectively removed. Given that
mean capacity typically asymptotes around set size 4, the difference between set sizes 4 and
6 may, for many individuals, reflect compensatory strategies or the ability to maintain
information beyond nominal capacity limits rather than core storage capacity per se. These
analytic choices complicate direct comparisons across studies and may contribute to variability

in reported effect sizes.

Additionally, the majority of studies included in Luria et al.’s (2016) meta-analysis were small
(e.g., Diamantopoulou et al., N = 14; Drew et al., N = 33/18; Jost et al., N = 25; Kang &
Woodman, N = 24; Kundu et al., N = 30; Kuo et al., N = 18; Lefebvre et al., N = 39; Leonard
et al., N = 23; Stormer et al., N = 35; Tsubomi et al., N = 25), with sample sizes between 14
and 39 participants (Table 13). Such sample sizes fall far below the 250 participants needed
for correlation estimates to stabilize (Schénbrodt & Perugini, 2013), making inflated and
unstable correlations statistically likely. Consistent with this interpretation, the few larger
studies in the literature report substantially smaller effects. For instance, Unsworth et al. (2015;
N = 170) observed r = 0.33 between the CDA amplitude at set size 6 (i.e., instead of a
difference between 2 set sizes) and VWM capacity, Adam et al. (2018; N = 72) reported r =
0.27 (again, CDA amplitude at set size 6) and Trondle and Langer (2024; N = 55) found only
a modest association (r = 0.22; CDA amplitude at set size 3). These correlations are closer
to our own meta-analytic estimate and suggest that the true relationship, if present, is likely
smaller, around r = 0.20-0.30. For context, when directly using CDA amplitude at individual
set sizes instead of the CDA increase from set size 2 to 4, the meta-analytic correlations in
our study were small and showed an inconsistent pattern across preprocessing pipelines. At
set size 2, the meta-analytic correlations were near zero and non-significant (direct: r = 0.09,
p = 0.234; advanced: r = 0.06, p = 0.382; ICA: r = 0.02, p = 0.786). At set size 4, correlations
were slightly larger but remained non-significant (direct: r = 0.17, p = 0.079; advanced: r =
0.16, p = 0.122; ICA: r = 0.17, p = 0.055). The strongest associations were observed at set
size 6, where correlations were small but statistically significant across pipelines (direct: r =
0.17, p = 0.019; advanced: r = 0.15, p = 0.034; ICA: r = 0.15, p = 0.022). Overall, this pattern
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further supports the conclusion that the association between CDA amplitude and VWM

capacity is modest at best.

More broadly, the multitude of analytical choices researchers face when quantifying the
relationships between CDA and behavior is referred to as researcher degrees of freedom
(Gelman & Loken, 2023; Simmons et al., 2011; Trubutschek et al., 2023). When researchers'
decisions are made post-hoc or without explicit justification, they can inflate variability, obscure
true effect magnitudes, and contribute to inconsistent findings across studies (Goétz et al.,
2024; Simmons et al.,, 2011). Standardizing CDA operationalizations, or systematically
evaluating alternative definitions within, for example, a multiverse framework, would therefore
be an important step toward determining whether, and under which conditions, the CDA

indexes individual differences in VWM capacity (Gotz et al., 2024; Sarma et al., 2024).

Another potential source of the discrepancy between our findings and previously reported
medium-to-large effects is publication bias. We therefore conducted funnel-plot diagnostics
(Sterne & Egger, 2001; Viechtbauer, 2010) on the complete set of 27 studies known to us that
investigated the association between CDA and VWM capacity (Adam et al., 2018;
Diamantopoulou et al., 2011; Drew & Vogel, 2008; Feldmann-Wistefeld, 2021; Hakim et al.,
2019, 2020; Kang & Woodman, 2014; Kundu et al., 2013; Kuo et al., 2012; Lefebvre et al.,
2013; Leonard et al., 2013; Luria et al., 2016; Ngiam et al., 2021; Roy & Faubert, 2023;
Stormer et al., 2013; Trondle & Langer, 2024; Tsubomi et al., 2013; Unsworth et al., 2015;
Villena-Gonzalez et al., 2020; Vogel & Machizawa, 2004). For an overview of the studies

published prior to EEGManyLabs, please refer to Table 13.

First, when restricting the meta-analysis to all prior #EEGManyLabs studies (k = 17; blue
studies on Figure 10), the random-effects model yielded a large, pooled effect (Fisher's z =
0.58, 95%-CIl = [0.45, 0.72], p = 2.22e-18), accompanied by substantial heterogeneity (12 =
56.73%). Funnel-plot asymmetry was pronounced in this restricted dataset with the Egger
regression test statistically significant (z = 2.83, p = 0.005), providing strong evidence for
small-study effects consistent with selective reporting. In contrast, when the full dataset
including the #EEGManyLabs replication was analyzed (k = 27), evidence for publication bias
was strongly attenuated. The Egger regression test was non-significant (z = 0.72, p = 0.474),
and the limit estimate as the standard error approached zero was b = 0.28 (98%-CI = [-0.19,
0.76]), indicating no reliable inflation of effects in smaller samples. The random-effects model
yielded a pooled Fisher's z of 0.45 (95%-CI = [0.33, 0.57], p = 4.64e-13), corresponding to a
significant medium effect. However, heterogeneity was substantial (12 = 63.43%), indicating

considerable variability in effect sizes across studies.
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Taken together, these results indicate that the large correlations between VWM capacity and
CDA amplitude reported in the early literature are substantially inflated by small-study effects,
whereas the inclusion of the present large-scale multi-laboratory data strongly attenuates both
effect size estimates and evidence for publication bias. These results highlight the need for
large-scale, well-powered, and preregistered studies to approximate the true magnitude and

robustness of a given effect.
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Figure 10. Funnel plot of the CDA-VWM capacity correlations across all 27 studies. Each point
represents an individual study, plotted as Fisher’s z against its standard error, and the size of each point
is proportional to the study’s sample size. The dashed vertical line indicates the pooled random-effects
estimate (Fisher's z = 0.45), and diagonal dashed lines denote the 98% pseudo-confidence limits
around the summary effect. Correlations from the EEGManyLabs datasets were derived from the direct

replication.

Theoretical Implications for Interpreting the CDA

The dissociation between robust process-level effects and weak individual-differences
correlations has important implications for the interpretation of CDA as a neural marker of
VWM capacity. First, if the true brain-behavior correlation is modest (r = 0.20-0.30 at best),
then CDA measurements may not reliably capture the same sources of individual variation
that drive behavioral performance differences. Therefore, researchers should exercise caution

when interpreting individual differences in CDA as reflecting differences in VWM capacity, and
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that CDA-based inferences about capacity changes may need to be reconsidered or at

minimum supported by parallel behavioral evidence.

Second, the present findings highlight a fundamental theoretical dissociation: although CDA
is highly sensitive to within-individual variations in memory load, it shows little consistent
association with between-person differences in capacity. Several non-mutually exclusive
explanations warrant consideration. One possibility is that CDA primarily reflects the
maintenance or active storage component of VWM, whereas behavioral capacity estimates
such as Cowan's K conflate maintenance with a host of other processes including encoding
efficiency, attentional filtering during stimulus presentation, resistance to interference, and
decision or comparison processes during retrieval. If individuals vary substantially in these
non-maintenance components, then CDA amplitude might correlate only weakly with overall
task performance despite being a valid index of the number of items actively maintained.
Another related possibility is that individuals with lower CDA amplitudes may engage
compensatory strategies that preserve behavioral performance. For instance, some
individuals might rely more heavily on verbal recoding, hierarchical chunking, or a quality-
guantity tradeoff (maintaining fewer items at higher precision) to achieve similar behavioral
capacity estimates despite differences in the neural signature of visual maintenance indexed
by CDA. Such strategic flexibility could obscure the brain-behavior relationship at the
individual-differences level while leaving within-person load effects intact.

Third, it is important to recognize that between-person variance in CDA amplitude likely
reflects a mixture of cognitive and non-cognitive sources. Anatomical and biophysical factors
such as skull thickness, cortical geometry, sulcal depth, and electrode-to-source distance can
all influence EEG amplitude measures and vary considerably across individuals. Critically,
these anatomical factors contribute to stable between-person differences in CDA amplitude
but are entirely orthogonal to cognitive capacity. Within-person experimental manipulations
(such as varying set size) effectively control for these individual anatomical differences, which
may explain why load effects are robust and replicable while individual-differences correlations
are weak. Future work employing source localization methods or individual structural MRI data

might help to disentangle cognitive from anatomical sources of CDA variance.

Conclusion

In summary, our large-scale, preregistered multi-lab replication provides evidence that the

CDA is a reliable neural marker of visual working memory load, consistently reproducing the
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contralateral-ipsilateral asymmetry and the characteristic load-dependent increases observed
in the seminal work. At the same time, our results do not support the widely cited claim that
individual differences in CDA amplitude reflect individual differences in visual working memory
capacity. Across pipelines, statistical frameworks, and laboratories, the association between
CDA increase and behavioral capacity was small, inconsistent, and far weaker than previously
reported in the literature. Together with evidence of substantial heterogeneity among past
studies, the present findings suggest that earlier reports of medium-to-large correlations were
likely inflated by small sample sizes, analytic flexibility, and variation in measurement
reliability. These results highlight the critical role of large, collaborative, preregistered projects
for resolving long-standing debates and establishing the true size and robustness of
foundational cognitive neuroscience effects, as well as the necessity of adequately powered

studies to obtain stable and interpretable estimates of individual differences.

Table 13. Overview of studies published prior to EEGManyLabs examining contralateral delay activity

and working memory capacity.
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Note. SZ = set size. NR = not reported. R = Pearson’s correlation coefficient. SD = standard deviation.
SD values are shown only when they were reported in the publication. Often, publications do not report
K scores separately for each investigated set size, which is indicated as NR in the table. An em dash

(—) indicates that a specific set size was not investigated in the given study.
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