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Abstract

The EEGManyPipelines initiative included 396 scientists (168 teams) who independently
analyzed the same dataset to test the same hypotheses, mapping the full landscape of analytical
decisions. This captured an underexamined source of variability in research results: data
processing choices needed to arrive at an analyzable dataset. Considering full analysis pipelines,
ERP variability across teams was equivalent to variability across participants, suggesting that who
analyses the data is as important as who provides it. In contrast to prior many-analyst projects,
typically explaining less than 10% of variance in estimates, our granular codings of researcher
choices explained 53%, 75%, and 51% of the variance in difference waves across three
hypotheses, with unusual results partly attributable to deviations from the prototypical pipeline.
Despite the heterogeneity in approaches and estimates, teams reached a substantial consensus
on effect presence. By being transparent across all analysis stages, researchers can identify
uncertainty and still draw meaningful inferences.

Scientific inquiry involves many steps between ideation and realization in the form of empirical
results. Each of these steps requires researchers to make choices—often with a diversity of
justifiable approaches—which can shape the ultimate outcome. Variability in the results of studies
attempting to address a given research question may arise at many levels, from (a) participant
characteristics and population differences, (b) features of the study design and method, (c) data
preprocessing and preparation steps, and (d) the statistical inference and interpretation of
results’. In the normal course of science, carried out by small teams of investigators, the roles of
these factors are difficult to disentangle from one another. Traditional research approaches, such
as meta-analysis, have limited ability to identify such sources of heterogeneity. Individual
investigations differ across all of these dimensions simultaneously, data are often not available
for re-analysis®*, and the mapping of analytic choices in published work is limited®.
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Crowd science initiatives, organized by numerous partner laboratories around the world, can start
to isolate these influences by holding nearly all of them constant while allowing one to vary
naturally®'>. Many Labs consortia repeat the same study methods across research sites,
revealing surprisingly limited population heterogeneity in replication results”'>'*. In contrast, in
many-analyst initiatives, independent researchers analyze the same dataset to answer the same
set of hypotheses, rendering transparent differences in statistical approaches and empirical
estimates™'?'5="7_ With the sole exception of Botvinik-Nezer et al. (2020) in the fMRI domain, such
projects have presented the crowd of participating scientists not with the raw data, but with
processed and prepared data ready to analyze, potentially imposing artificial homogeneity and
preventing the full diversity of research pipelines from emerging naturally. For example, Aczel et
al.’® provided analysts with datasets from the replication packages of published papers, which
already had embedded within them numerous decisions by the original team. In addition, previous
many-analyst projects have typically explained less than 10% of the variability in empirical
estimates (e.g.,%'2'®"%). This limited explanatory power may partly reflect their reliance on
relatively coarse codings of analysis characteristics, rather than detailed mappings of the full
analytic decision process. Finally, although they recruited far more perspectives on the data than
a standard small science investigation, the number of independent analyses was often small in
absolute terms (e.g., 29 teams in ', and 23 individual analysts in '°). This calls for even larger-
scale projects recruiting more analysts as well as new quantitative approaches featuring granular
codings of the full stream of researcher decisions, including the precise ordering of pipeline steps.

The EEGManyPipelines project was designed to investigate preprocessing and analysis pipelines
“in the wild"—that is, how researchers process and interpret the same raw data using their usual
workflows®. Electroencephalography (EEG) is a core method in cognitive neuroscience valued
for its fine-grained temporal resolution and broad accessibility. EEG analysis involves a cascade
of interdependent decisions?'~2%, which vary across researchers and laboratories and can affect
results®*%". Before comparing brain responses between two conditions, researchers must decide
how and in what order to filter the data, detect and remove artifacts, reference the signal, segment
it into time windows, and select electrodes and time windows in which they want to test for the
presence of an effect. Even preprocessing steps thus span a broad parameter space and can
include epistemic as well as procedural considerations. At the same time, statistical modeling
likewise differs widely across researchers®2°,

The goals of this six-year-long initiative, involving 431 participating researchers (396 of whom
analysed the initial dataset) at 358 institutions in 40 countries, were threefold. First, we sought to
capture variability in the full set of researcher decisions from raw EEG data to statistical inference,
as well as variability in the eventual results. As a benchmark, we quantitatively compared
variability in research results attributable to analysis pipelines relative to a better known source of
variability in results: the participants themselves. If cross-analyst variability matches cross-
participant variability in magnitude, this confirms that researcher decisions about what to do with
raw data profoundly shape research results — and thus warrant much greater consideration,
transparency, and scrutiny than has been forthcoming to date. Second, we aimed to
systematically map and link variability in researcher choices across their workflow to variability in
their results — and by doing so address the “parsing problem”® that has frustrated past many-
analyst projects in which most of the heterogeneity in estimates remained unaccounted for. As a
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part of this effort, we quantified the extent to which specifications departed from the norm, both in
the choices made and the precise ordering of those choices, and tested whether uncommon
approaches account for uncommon results?**®. Finally, we explored whether quantitative
dispersion of results can co-occur with qualitative convergence in scientific conclusions. Even if
EEG research teams differ greatly in the magnitude of their estimates from the time-series data,
they could ultimately agree on the presence or absence of a phenomenon. If so, scientific
transparency and the increased uncertainty that can go along with it can coexist with meaningful
collective conclusions.

Results

The Steering Committee of the EEGManyPipelines project selected a dataset representative of a
typical EEG experiment, comprising EEG data from 33 human participants who performed a long-
term memory task. We originally planned to test eight hypotheses, but narrowed our focus to the
three primary ones due to time and resource constraints. We selected the three event-related
potential (ERP) hypotheses (see Box 1), related to scene category (hypothesis 1), novelty
(hypothesis 2), and recognition memory (hypothesis 3), including early and late ERP components,
to assess how generalizable the results are across established hypotheses. These include two
hypotheses with specific formulations (hypotheses 1 and 2), and one with a more open-ended
formulation (hypothesis 3), which did not restrict the time window or electrode location, allowing
us to explore whether hypothesis specificity influences analytic variability. Below, we report the
results from 168 teams who completed the data analysis for the three hypotheses. We examine
variability in analysis pipelines, variability in reported results, and the link between the two.

Hypotheses analyzed by analyst teams

1. There is an effect of scene category (i.e., a difference between images showing
man-made vs. natural environments) on the amplitude of the N1 component, i.e.,
the first major negative EEG voltage deflection.

2. There are effects of image novelty (i.e., between images shown for the first time/new
vs. repeated/old images) within the time-range 300-500 ms on EEG voltage at
fronto-central channels.

3. There are effects of successful recognition of old images (i.e., a difference between
old images correctly recognized as old [hits] vs. old images incorrectly judged as
new [misses]) on EEG voltage at any channels, at any time.

Box 1. Hypotheses analyzed by analyst teams whose results are presented in this paper.
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2.1. Quantifying divergence in approaches across teams

Several recent studies attempted to map the variability of EEG analysis practices based on
published reports®®®'. Yet there is currently no empirical reference framework for evaluating the
observed diversity of real-life analysis pipelines applied to the same dataset. The
EEGManyPipelines project addresses this gap by providing the first data-driven characterization
of how EEG data are analyzed in practice, based on complete analysis pipelines implemented by
independent research teams analyzing the same dataset. At the same time, categorizing analysis
choices into discrete pipeline components necessarily involved some loss of granularity, as the
richness and nuance of real-world processing decisions cannot be fully captured by predefined
categories.

No two submitted pipelines were identical in their preprocessing and analysis choices. Teams
used a range of common EEG analysis packages (the most common were EEGLAB, MNE-
Python, and FieldTrip), and different reference schemes and high-pass filter cutoff values (Figure
1A). Pipelines included manual and automated procedures. Forty-eight teams excluded varying
numbers of participants from their analysis (Supplementary Figure S1). Statistical analysis
choices also varied considerably across teams (Figure 1B).

We quantified the overall agreement across teams using a normalized entropy index (NE) for
each preprocessing step (constant across hypotheses) and for each analysis choice (often
different across the three hypotheses). NE index values range from 0 to 1, where 0 indicates
perfect agreement across teams and 1 reflects a uniform distribution of choices, corresponding
to complete disagreement. For one of the 14 preprocessing steps (visual artifact-related
component selection), the distribution of choices was consistent with a uniform distribution
(NE=0.99, Figure 1 C). For two out of the nine analysis steps (averaging across channels, and
correcting for multiple comparisons), the distribution of choices was consistent with a uniform
distribution for both hypotheses 1 and 2 (both NE = 0.99). For hypothesis 2, but not others,
averaging across time window bins yielded the NE of 0.99. These results suggest very high
(almost maximal) variability even for these more specific hypotheses. In contrast, for hypothesis
3, no analysis step was consistent with a uniform distribution, indicating that, for this more open
hypothesis, pipeline choices were actually more homogeneous. One possible explanation for this
pattern is that, in the case of a more open-ended hypothesis without predefined time windows or
channels, there may be greater consensus about appropriate exploratory statistical approaches,
for instance, cluster statistics.
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Figure 1. Variability in EEG preprocessing and analysis steps. A. Variability in choices for
preprocessing steps for categorical (left) and continuous (right) variables. B. Variability in choices for each
analysis step, separately for the three hypotheses. Variables are ordered by the number of different choice
options. The colour gradient for categorical variables reflects the frequency of each response, with lighter
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shades indicating most common choice per category. C. Standardized entropy index for both preprocessing
and analysis steps (analysis steps split across the three hypotheses, each with a different colour). The
vertical red dashed line marks the normalized entropy cutoff of 0.98. Abbreviations: ICA - independent
component analysis; freq. - frequency; avg - averaging, ex_infomax - extended infomax; mul_thesh -
multiple threshold; fwd - forward; bwd - backward; hf - high-pass filter; fir - finite impulse response; iir -
infinite impulse response; bhfdr - Benjamini-Hochberg false discovery rate; pair_ttest - paired t-test.

To compare variability in the pipeline order, we created a transition probability matrix that contains
the probability of performing step B (columns) after step A (rows, Figure 2A). We identified a team
whose step sequence had the highest mean transition probability across all analyst teams and
used their order of steps as the prototypical order. The prototypical order of steps was 1) high-
pass filtering, 2) low-pass filtering, 3) epoching, 4) baseline correction, and 5) segment exclusion
(Figure 2B). We then scored each team’s preprocessing sequence based on its distance from the
prototypical order of steps using the Levenshtein similarity metric*2. The distance score reflects
the minimum number of operations—insertions, deletions, or substitutions—required to transform
one team’s pipeline into the prototypical order: larger values indicate greater deviation from the
prototype. On average, teams differed from the prototype by 4.69 operations (SD = 1.59; see
Figure 2B). Given the short length of the prototypical sequence, this represents high divergence,
indicating that most teams used a different ordering or diverged in the majority of preprocessing
steps relative to the prototype.

A Transition probability matrix B Prototypical order of steps
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Figure 2. Variability in EEG pipeline sequences. A. Transition probability matrix: values in each cell
depict how likely it is to move from one step to another (from steps shown in rows to steps in columns). The
darker colours indicate higher agreement across teams. B. Steps included in the prototypical pipeline
sequence. The Levenshtein distance was calculated between this sequence and each team’s reported
pipeline to quantify deviations in processing order. Abbreviations: excl. - exclusion; filt. - filter; cor. -
correction.
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2.2. Variability in hypothesis testing outcomes and effect sizes

2.2.1 Agreement on binary hypothesis outcomes masks divergence in effect sizes

Analyst teams reported binary decisions on whether each hypothesis was confirmed (Figure 3B).
Confirmation rates were high for the three ERP hypotheses: on average 76.9% of teams
confirmed a given hypothesis.

The binary decision whether a statistical test was significant may hide underlying heterogeneity
in effect sizes. Thus, we further inspected the distribution of reported p-values (Figure 3C). P-
values are hard to compare across studies due to different sample sizes. However, in our case,
all analyst teams processed the same data, making the p-values comparable (with minor
deviations in data based on which the p-value is based, i.e., differences in excluded epochs or
participants).

The reported results and their locations in time and space varied between teams. Significant
effects for hypothesis 3 were reported in a larger number of channels and broader time windows
than for hypotheses 1 and 2 (Figure 3, D-E). This might be due to the open hypothesis
formulation: in contrast to hypotheses 1 and 2, we did not specify the location of an effect in
hypothesis 3. However, even for hypothesis 1, which addressed condition differences in the N100
ERP component, the chosen time window of interest and channel locations differed despite this
specification. Hypothesis 2 predefined a time window (300-500ms) and region of interest (fronto-
central electrodes). A number of teams diverged from these parameters: Nine teams (5%)
examined regions beyond the fronto-central area, 38 teams (23%) did not report a specific region
of interest, and 19 teams (11%) analyzed data outside the time window.

As a more direct measure of effect size, we computed ERP difference waves based on the
preprocessed data submitted by each team. For each team and for each condition, we computed
the mean wave across trials, subtracted the conditions from each other, and then averaged across
participants. These aggregated difference waves showed substantial variability (Figure 3F).
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Figure 3. Results from the testing of the three ERP-based hypotheses. A. Hypothesis formulation. B.
Hypothesis confirmation rates across teams. The ‘NaN’ column indicates the number of teams that did not
indicate whether a hypothesis was confirmed. C. Density plots of log,transformed reported p-values. The
red dashed line represents a p-value threshold of 0.05. D. Location of the reported channels that showed
a significant effect. E. Analyzed time windows and time windows where a significant relationship was
reported for every team. F. Difference waves and corresponding EEG channels used for ERP difference
calculations. One line corresponds to one team. Note that some difference waves contain a prominent high-
frequency component, which might be a result of an absence of a notch filter or a small number of epochs
for one of the conditions.
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2.2.2 Variability in results across teams was comparable to variability across
research participants

We compared variability in difference waves to a familiar benchmark in EEG research: variability
across participants, typically accounted for in second-level analysis (denominator of statistical
tests). Comparing the magnitudes of these two sources of variance is informative because EEG
researchers have strong intuitions about between-participants variance, which serves as an
important parameter in most statistical tests, while much less is known about the between-
pipelines variance.

First, we computed the average ERPs across all trials (independent of conditions) for each
participant and team. We then computed both (a) the average for each team, allowing us to
quantify variability across participants (Figure 4, left column), and (b) the average for each
participant, allowing us to quantify variability across teams (Figure 4, middle column). In addition,
we applied the same procedure to the difference waves for hypothesis 1 (splitting trials by
condition and subtracting conditions from each other).

Grand-average ERP and difference waves varied across both participants and teams (Figure 4),
with variability on a comparable scale across the two levels of analysis. Especially for late-latency
components of the hypothesis 1 difference wave (components above 300 ms post-stimulus), the
across-teams variance was lower than the across-participants variance (mean team variance =
0.19; mean participant variance = 0.34).

Team means across participants Participant means across teams Variance

«
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Figure 4. Grand average (GA) event-related potentials (ERP) (top) and hypothesis 1 difference wave
(bottom) at the CPz channel across teams and across participants. The left column shows the
variability across participants (each line is data from one participant averaged across teams). The middle
column shows the variability across teams (each line is data from one team averaged across participants).
The right panel shows the variance calculated across teams and across participants. For visualisation
purposes we baseline corrected the GA ERPs and difference waves prior to variance analyses.
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2.3. Association between results and analysis choices

2.3.1 Few pipeline choices predicted p-value size; most of the variance remained
unaccounted for

We used regression models to test whether specific pipeline choices predicted the results. Given
that linear models assume normally distributed residuals, and that the distribution of p-values was
strongly right-skewed, we transformed p-values into z-values using the inverse normal quantile
function and used this metric as a dependent variable in linear models and pipeline choices as
independent variables. Due to the high number of pipeline steps, we used an automated model
comparison tool, which performed stepwise forward-and-backwards variable selection based on
Bayesian Information Criterion (BIC, for more details see Methods section 4.7).

Hypothesis 1. A model including the number of channels (8 =-0.31 £ 0.12, CI =[-0.55, -0.07], p
=0.011), baseline time window length (8 = 0.35 £ 0.14, CI =[0.07, 0.63], p = 0.015), and correction
for multiple comparisons (a binary variable; § = -0.89 + 0.26,Cl = [-1.40, -0.39], p < 0.001) yielded
the lowest BIC (BIC = 158.28). This model explained R? = 0.13 of the variance in p-values for
hypothesis 1. These results suggest that a larger number of analyzed channels, a shorter baseline
window length, and correction for multiple comparisons are linked to smaller p-values (Figure S2).
The counterintuitive finding that correction for multiple comparisons is linked to smaller p-values
might be explained by the observation that most of the teams used permutation tests as a method
of multiple comparison correction for hypothesis 1 (see Figure 1). Note that these coefficient
estimates and associated p-values are conditional on the BIC-selected model and are interpreted
as descriptive indicators of relative predictor importance rather than formal significance tests.

We also tested interactions between the baseline window length and correction for multiple
comparisons, and between the number of channels and correction for multiple comparisons. The
interaction between the baseline window length and correction for multiple comparisons was
statistically significant (8 = -0.95 + 0.35, Cl = [-1.64, -0.26], p = 0.007, Figure S2). This means
that the baseline window length was more strongly positively associated with p-values in teams
that did not correct for multiple comparisons relative to those that did. It may indicate that in the
absence of multiple comparisons, the larger baseline window length may inflate the likelihood of
a false-negative statistical result.

Hypothesis 2. Stepwise model selection using the BIC did not identify any subset of predictors
that improved fit compared to the null model. This suggests that none of the analysis steps
significantly explain variation in the p-value size.

Hypothesis 3. Stepwise model selection using the BIC identified a single predictor: averaging
across the spatial domain (a binary predictor; B =-0.54 + 0.23, CI =[-0.98, -0.09], p = 0.019; BIC
= -21.18, see Figure S3). This model explained 4% of the variance in p-values for hypothesis 3.
This finding suggests that teams that averaged across the spatial domain tended to report lower
p-values.

10
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In summary, associations between analysis choices and team-reported p-values were
inconsistent across hypotheses and were overall sparse; most preprocessing and analysis
choices were not systematically or strongly related to the obtained p-value. This dependent
variable, notably utilized as the primary outcome in some prior many analyst projects (e.g, '°),
may have contributed to the limited variance successfully explained.

2.3.2 Reference schemes, filtering, and component selection accounted for
substantial variance in ERP difference waves

To test how processing pipelines affect the actual ERPs, we compared the preprocessed EEG
data submitted by the analyst teams. Effects derived from these data are directly comparable
across teams, as they are not contingent on team-specific statistical modelling or inference
choices. We obtained these effect sizes by creating an ERP difference wave (see Methods
section 4.5.2). A model comparison with BIC was used to select the optimal model predicting the
difference wave values from preprocessing steps.

Hypothesis 1. We averaged the difference wave from 80-120 ms (a prototypical time window for
N100 effects) at the CPz channel for each team. A model including the reference channel and the
use of a bad-component selection plugin (a binary choice) as predictors yielded the lowest BIC
(BIC = -305.33). The model explained 53% of the variance in the size of the difference waves.
Depending on choice of the reference scheme, the sign of the N100 difference wave flipped:
While it was positive in teams who used an average or a mastoid reference (n = 74), suggesting
larger ERP amplitudes for man-made than natural stimuli, it was negative in teams who used a
POz reference (n = 25), suggesting larger ERP amplitudes for natural than man-made stimuli
categories. Difference waves were significantly smaller for teams with POz as reference
compared to the teams with an average reference (§ =-0.45 + 0.05, Cl = [-0.55, -0.34], p < 0.001,
Figure 5). Furthermore, the difference wave was slightly larger for teams with a mastoid reference
than teams with an average reference (8 = 0.07 £ 0.04, Cl =[-0.018, 0.16], p = 0.118).

In addition, teams that used a plugin-based implementation to select bad components had larger
ERP difference waves for hypothesis 1 testing as compared to teams that did not (f = 0.09 £ 0.04,
Cl =[0.01, 0.17], p = 0.031, Figure 5). Of the 70 teams that used a plugin-based implementation,
34 used ICLabel*.

Hypothesis 2. We averaged the difference waves from 300-500 ms (as indicated in the
hypothesis formulation) at a cluster of fronto-central channels. The model including reference
channel and high-pass filter cutoff value choice as predictors yielded the lowest BIC (BIC = -
259.43). This model explained 75% of the variance in the size of the difference waves. Teams
who used a mastoid reference found a larger difference between the two conditions than teams
who used an average reference (B =-0.7 + 0.07, Cl = [-0.84, -0.56], p < 0.001) or a POz reference
(POz compared to average reference: = -0.03 £ 0.03, ClI = [-0.09, 0.02], p = 0.24, Figure 5).
Furthermore, teams with a lower high-pass filter cutoff found a larger difference than teams with
a higher cutoff (3 = 0.07 £ 0.01, Cl = [0.03, 0.10], p < 0.001, Figure 5).

Hypothesis 3. We averaged the difference waves from 300-500 ms (a prototypical window of
the late positive complex). Since hypothesis 3 did not specify a channel, a component, or a time
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window for the analyses (and therefore is the most open of the hypotheses that were tested in
this paper), we selected two locations: the Fz and Pz channels. Since the effects were
comparable, we report the results obtained from the Fz channel in the text and the results for Pz
in Table S7. The model containing the choice of reference channel and high-pass filter cutoff as
predictors yielded the lowest BIC (BIC = -241.9). The model explained 51% of the variance in the
size of the difference waves. Teams who used a mastoid reference found a larger difference wave
compared to teams who used an average reference (B = -0.45 + 0.07, Cl = [-0.59, -0.32], p <
0.001) or POz reference (B =-0.10 £ 0.05, Cl =[-0.20, 0.001], p = 0.05). Furthermore, teams with
a lower high-pass filter cutoff found a larger difference compared to teams with a higher cutoff (3
= 0.06 + 0.03, Cl =[0.002, 0.11], p = 0.043, Figure 5).
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Figure 5. Median difference waves for the three hypotheses for different pipeline choices. The
difference wave is plotted for the reference choice and component plugin use for hypothesis 1 (H1). The
difference waves of hypotheses 2 (H2) and 3 (H3) are plotted for the reference choice and high-pass filter
cutoff values at different channels. The scalp topographies show the locations of channels from which the
difference waves were extracted. The shaded grey areas represent the time window over which the
difference wave was averaged. Note that the high-pass filter cutoff value is grouped into two classes for
visualisation. Abbreviations: avg - average; hp. - high-pass filter.

2.3.3 More unusual pipelines are associated with flatter difference waves for
hypothesis 2

To quantify the unusualness of a team’s pipeline, we calculated (a) the step-order prototypicality
by using Levenshtein distance score (described in 2.1 and 4.5.1), and (b) the parameter-choice
prototypicality, defined as the mean probability of the specific choices made by a team across
preprocessing steps.

We then correlated the median absolute amplitude of the difference waves, reflecting the
unusualness of the preprocessed EEG data (see Methods section 4.6), with the two metrics
quantifying the unusualness of the corresponding analysis pipelines (step-order prototypicality
and parameter-choice prototypicality indices). We observed directionally negative correlations
between the difference waves and the Levenshtein distance scores regarding step-order
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prototypicality (Figure 6), indicating that pipelines closer to the prototypical sequence tended to
yield larger amplitudes, whereas more atypical step orders were associated with flatter difference

waves. This relationship reached statistical significance only for hypothesis 2 (p = -0.28, p =
0.009). For hypotheses 1 and 3, the association was in the same direction but did not reach
significance (p =-0.09, p = 0.38, and p =-0.10, p = 0.35, respectively). For the parameter-choice

prototypicality index, we found no statistically significant relationships with the unusualness of the
difference waves for any hypothesis.
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Figure 6. Associations between the unusualness of the order of steps and difference waves. A.
Absolute amplitudes of difference waves of three hypotheses, color-coded based on the team'’s Levenshtein
distance score (denoting the distance to the prototypical order of steps, also see Figure 2). The shaded
area around the lines shows the standard error. For hypothesis 1 we used channel CPz, and for hypotheses
2 and 3 we used channel Fz. B. Correlations between the median absolute difference wave amplitude in
the time window between 100-600ms post stimulus and Levenshtein distance.

Discussion

In the EEGManyPipelines project, 168 teams totalling 396 individual researchers analyzed the
same dataset, enabling a meta-scientific investigation into how differences in analysis pipelines
shape research outcomes. All teams tested the same hypotheses, thereby eliminating several
maijor sources of variability when comparing across different research investigations. Despite this,
pipelines differed in included channels, time windows, statistical models, and reported metrics.
This large-scale, coordinated effort provides the first systematic quantification of differences in
EEG preprocessing and analysis choices, variability in outcomes, and how these relate to one
another, sampling realistic pipelines from a large group of active EEG researchers. At the same
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time, it provides insights for any scientific discipline and investigation that grapples with
ambiguities in complex data.

Critically, our crowd of analysts started from the raw observations, allowing us to capture not only
heterogeneity in analytic specifications, but also in data preprocessing steps (see also'®). The
latter remains an almost entirely shrouded aspect of researcher decision-making, with publicly
posted and shared datasets taking the form of processed data in the vast majority of cases.
Examining full research pipelines, including the precise ordering of pipeline steps, is especially
important in fields such as EEG research, where investigators regularly work with large amounts
of nested time-series data. For this purpose, our crowd of analysts submitted preprocessed data,
which allowed us to quantify variation in effect sizes attributable to the subsequently chosen data-
handling approach. Our findings reveal that choices regarding preprocessing parameters, such
as the reference channel, high-pass filter cutoff, and the way components associated with noise
are selected, predicted difference wave magnitude (i.e., the ERP difference between two
conditions). Comparing different sources of variability in ERP difference waves, cross-analyst
variability matched cross-participant variability in magnitude in this data, a descriptive benchmark
for variability in results attributable to researcher choices that we introduce into the literature here.
It is important to note that this comparison may depend heavily on several factors, including data
quality, the nature of the research question, and specific analytic contexts. However, at least in
this setting, who analyses the data is just as important as who provided the data—a testament to
the power of researchers' degrees of freedom to shape the outcomes of scientific investigations.

Despite variability in the difference waves, results for the three ERP hypotheses revealed a
majority agreement across teams: 76.9% of teams on average agreed on the presence of a
statistically significant effect. The hypotheses in question targeted well-established ERP effects
related to scene category (hypothesis 1), novelty, and recognition memory (hypotheses 2 and
3)*3° Notably, agreement rates were comparable across hypotheses, despite differences in how
specifically the ERP effects were defined, suggesting that the level of constraint in the hypothesis
did not substantially influence overall consensus. It is conceivable that agreement across teams
would look different in projects addressing novel or controversial hypotheses or relying on less
established experimental paradigms. Regardless, simple binary judgments of whether an ERP
hypothesis was confirmed or not camouflaged divergence in the underlying data patterns.
Difference waves not only varied in magnitude, but in some cases reversed in polarity. For
example, for hypothesis 1, while most teams identified a positive-going ERP for pictures of man-
made scenes, twenty-five teams found a directionally opposite pattern, with a larger amplitude for
pictures depicting natural scenes. Thus, two papers addressing the same question and analyzing
the same dataset could plausibly report ERP difference waves that lead to opposing conclusions.
To facilitate collectively adjudicating such issues, researchers should share their underlying
preprocessed data and code in an accessible format post-publication.

Similar to past many-analyst projects, which typically explain under 10% of the dispersion in
approaches and estimates (e.g.,"®'?), we found that variation in results based on transformed p-
values could hardly be explained by pipeline choices. Because all teams analyzed the same raw
data, the full variability in reported effects necessarily arose from differences in analysis pipelines.
Rather, the low explained variance may reflect the coarse nature of the outcome measure and
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the exclusion of some idiosyncratic analytic decisions, such as trial or participant rejection criteria.
This underscores the importance of not only providing granular codings of researcher approaches
but also precise measurement of outcomes to solving the parsing problem?® posed by radical
dispersion in estimates.

Indeed, we found that pipeline choices for the three hypotheses could be used to quantitatively
explain the majority of the variability in ERP difference waves derived from analysts’ submitted
preprocessed data—53%, 75%, and 51% of the variance, respectively. The reference channel
emerged as the pipeline choice that explained the largest proportion of variance in all difference
waves®*?’. The influence of the specific reference location was hypothesis-dependent. For
hypothesis 1, teams using POz as the reference channel produced numerically larger N100
difference waves than those using mastoid or average references. However, the direction of the
effect was reversed for POz-referenced teams: they observed larger ERP amplitudes for natural
stimuli than for man-made stimuli, whereas teams using other reference schemes showed the
opposite pattern. Given that ERP effects in experiments using visual stimuli typically have a
posterior topography, and that most researchers chose to re-reference the data, keeping the
original reference might be considered a questionable choice. However, note that participating
EEG laboratories were asked to use their standard pipeline, that keeping the original reference
resulted in a plausible difference wave, and that the choice of this particular reference scheme
could have gone unnoticed in regular journal publications?®. Still, the question of defensibility or
quality of different pipeline choices remains an important one. Alternative branches of choices
should be weighted by methodological quality and parsed with regard to their theoretical
implications?*°.

For hypotheses 2 and 3, the high-pass filter cutoff value was also a significant predictor of the
difference wave magnitude: higher cutoff frequencies were associated with smaller difference
waves, suggesting that the distinction between the two conditions became less pronounced. This
observation corroborates previous findings that higher filter cutoff can compromise ERP waves®-
0 1n addition, the use of an automated plugin to detect artifact-containing components was linked
to the size of the difference wave of hypothesis 1: teams that used the plugin-based
implementation reported larger ERP difference waves as compared to teams that did not use the
plugin. The effectiveness of independent component analysis critically depends on the quality of
source separation, which can be influenced by upstream preprocessing and data-cleaning
practices. However, the automated independent component classifiers, which are trained on
expert-labelled component examples, may outperform visual inspection conducted by a single
analyst, because they provide more standardized and experience-informed artifact identification.
This conclusion would have to be further corroborated by projects using simulated data sets (with
known artifact components) and by explicitly evaluating automated plugins in their ability to filter
out artifactual components.

The complex, multi-purpose nature of EEG preprocessing and analysis pipelines means that
many variables are needed to describe heterogeneity in these pipelines. Testing for the
moderating effects of a specific analytic choice across specifications may mask the extent to
which a combined set and ordering of choices are normative vs. deviates from common practice.
Therefore, we defined the step-order prototypicality and parameter-choice prototypicality, and
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quantified the deviation of each team’s pipeline from these prototypes. Linking the step-order
prototypicality metric to the difference wave, we observed that teams with more unusual pipelines
(i.e., larger deviation from the prototypical order of steps) tended to observe weaker effects (i.e.,
smaller deviations of the difference waves from zero) for one of three hypotheses. Partly
supporting some prior critiques of crowd science?**°, use of prototypicality metrics confirms that
unusual pipelines can contribute to unusual results. However, the prototypical pipeline does not
necessarily reflect the best pipeline to use in a given analysis. Future research using simulated
data in which the true underlying effect size is known is needed to determine whether an overall
assessment of a pipeline as “typical” vs. “atypical” is a good first indicator for its validity.

It is also important to emphasize that the generalizability of the conclusions from this project could
be limited to the shared particular dataset. Despite this caveat, we believe this first
EEGManyPipelines initiative represents a sufficiently striking “existence proof’ regarding the
potential impact of researcher choices to hold some implications for routine EEG research
practice. First, analytic pipelines should be conceptualized as central components of study design.
Second, key preprocessing decisions, particularly reference schemes and filter settings, should
be subjected to robustness checks. Third, reliance on binary statistical judgments may obscure
meaningful variability in underlying waveform patterns; complementing such judgments with
continuous effect measures may therefore improve transparency and interpretability.

For the broader scientific community, our findings indicate that efforts to meaningfully explain
variability in results and reach collective conclusions should take into account full analysis
pipelines. This necessarily includes data preprocessing steps and their order, currently left
shrouded as a matter of routine research practice. Achieving this level of transparency requires
the widespread sharing of raw and preprocessed data, code, and sufficiently detailed
documentation—ideally through machine-readable, structured reporting tools such as ARTEM-
IS*'. To streamline this documentation process, analysis software should actively support
transparent reporting by automatically generating ready-to-use, guideline-compliant method
descriptions that accurately reflect the analytic procedures employed. Finally, we recommend that
individual research teams routinely assess the robustness of their findings to variation in key data
preprocessing and analysis decisions (e.g., reference schemes, filter cutoff values, tools for
artifact correction), and transparently report how such choices influence their results.

Methods

The steering committee of the EMP project was formed online, in a bottom-up grass-roots
fashion?, in the summer of 2020. They selected a dataset to be analyzed, specified target
hypotheses that could be tested given the data, and recruited teams of analysts with certain
stipulations*?. Analyst teams were asked to test hypotheses using their laboratory’s typical
analysis pipeline on the provided dataset. The steering committee analyzed the collective meta-
scientific data to map variability in pipelines, heterogeneity in results, and possible links between
analytic decisions and results. In recognition of their contributions, all participating analysts were
offered co-authorship on the resulting many-analyst journal articles.
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Data was submitted in different formats. The steering committee transformed it into a consistent
format for easier data analysis. The steering committee also checked the submitted descriptions
of teams’ analysis pipelines against the submitted code, identified discrepancies, and resolved
any such discrepancies (relying on the code). All processed data, scripts, and response data
provided by the analysts are available at https://brainlife.io/project/6863bf5c1521e536327bfea7
and described in

The study was approved by the ethics committee of the Faculty of Psychology and Sports
Sciences at the University of Munster, Germany (#2021-06-NB and #2021-52-NB-FA).

4.1 Enrolment and characteristics of analyst teams

Analysts were recruited via mailing lists, social media, and word-of-mouth from April to October
2021. A total of 327 teams registered for the project before the start of the analysis phase. Teams
could consist of one to three researchers, but were required to feature at least one member who
had previously published an EEG study in a peer-reviewed journal to be eligible. The final
EEGManyPipelines sample comprised 168 teams who submitted complete analyses and results
for all eight hypotheses. These teams included 396 individual researchers (mean age 33.7 £ 7.5
years; 150 women, 223 men, 2 gender-diverse, 21 undisclosed), representing diverse
nationalities, career stages, and subfields of neuroscience (including memory, attention, and
related areas, see Figure 7). More details on sample characteristics and dropout rates at different
project stages are provided in the accompanying data descriptor paper.
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Figure 7. Demographic profile of analyst teams. Details include years of experience with EEG,
academic seniority, preferred software for data analysis, and primary research areas.
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4.2 EEG dataset

EEG data were recorded from 33 participants (22 female; 4 left-handed; mean age: 27 years)
performing a continuous recognition memory task***°. Participants viewed a stream of scene
images (man-made: highways, buildings; natural: forests, beaches), some of which repeated, and
indicated whether each image was “new” (first presentation) or “old” (repeated) by lifting a finger
from one of two response keys (left/right CTRL). Response category assignments (old/new) were
counterbalanced across participants. Each image was displayed for 0.5 seconds on a black
background, followed by a blank screen presented until a response was generated. Feedback
was given via a green fixation cross for correct responses and a red cross for incorrect responses,
each displayed for 0.2 seconds. This dataset was selected because it comprises multiple
experimental conditions, making it suitable for testing a range of effects of interest, including
perceptual effects of scene category*®*” and cognitive effects related to memory3*3°.

EEG was recorded using a BioSemi ActiveTwo amplifier with 64 Ag/AgCl electrodes positioned
according to the International 10-10 system, as well as two mastoid electrodes and horizontal
and vertical electro-oculograms. Horizontal and vertical electro-oculograms were recorded from
electrodes at the lateral canthi and below the eyes, respectively. The Common Mode Sense and
Driven Right Leg electrodes were placed on the left and right sides of electrode POz. EEG was
recorded in DC mode at a sampling rate of 1,024 Hz with a 200 Hz low-pass filter and 24-bit AD
conversion. EEG was recorded in an acoustically shielded recording booth. Continuous EEG data
were only minimally preprocessed prior to sharing: data were re-referenced to the POz electrode,
downsampled to 512 Hz, and formatted according to the BIDS standard*®. Crucially, no attempts
were made to improve or modify data quality. The shared dataset thus represents a realistic range
of signal quality and typical EEG artifacts.

Additional technical details regarding the behavioral task and EEG dataset, including a detailed

explanation of the task structure, experimental conditions, and data organization, were provided

to analysts in an accompanying documentation file and are further described in the data descriptor
43

paper®.

4.3 Hypotheses

Given the task design, the steering committee initially specified eight hypotheses to be tested
based on the provided data set*2. Due to time and resource constraints, these were narrowed to
three established ERP hypotheses concerning visual stimulus processing and long-term
recognition memory. Hypothesis 1 asked whether different categories of scenes were processed
differently at an early time point (N100 component; note that scene categories were not matched
for low-level visual features, and hence, such features could likely drive differences in EEG signal
across categories). Hypothesis 2 asked which brain processes are involved in detecting image
novelty. Hypothesis 3 concerned which EEG features distinguished correct recognition decisions
from false alarms. According to their formulation, these hypotheses varied in terms of specificity:
Hypotheses 1 and 2 provided a predefined ERP component or range of channels, and time
windows to investigate, while hypothesis 3 was more open-ended without mentioning a particular
spatial or temporal region of interest.
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4.4 Instructions for analyst teams

Analyst teams were instructed to analyze the EEG dataset and test the hypotheses using the
same analysis pipelines they would typically apply in their own research. The instructions outlined
the project’s goals, described the dataset, listed the hypotheses, and specified the submission
requirements for results, analysis code, and processed data. The full instructions sent to the
analyst teams are available in the data descriptor paper*® and at https://osf.io/xfrbe/files/4nhck.

Analyst teams were required to submit a comprehensive set of results and documentation. This
included: (1) binary decisions and confidence ratings for each hypothesis (prior and posterior
questionnaires), (2) a concise free-text report of their results, formatted like a typical results
section of a scientific paper, (3) detailed responses to an analysis questionnaire documenting all
preprocessing and analysis steps, (4) all analysis scripts needed to reproduce their pipeline,
including code documentation or stepwise descriptions for GUI-based analyses, and (5)
preprocessed trial-by-trial EEG data for each participant, along with documentation of bad
channels, rejected trials, and independent components removed during preprocessing.

4.5 Estimating variability in pipelines and results

It is important to note that we could not fully prevent cases of missing components of reports (e.g.,
incomplete result reports for each tested hypothesis) or missing parts of the files (e.g.,
incomplete/partial scripts, empty EEG data within a file, and missing event markers).

4.5.1 Pipeline variability

Based on the scripts provided by the teams, we revised both the individual values and the order
of steps in the analysis questionnaire reports and used the corrected values in the variability
analyses.

For each analysis step and decision, we quantified decision variability by normalized Shannon
entropy, based on the distribution of teams across all decision options. The normalized entropy
index is defined as:

HX) _ —2i: pi loga(p)
Hmax logzn

Hnorm (X) =

where H(X) is the Shannon entropy of the distribution of each of the processing step choices, n
is the total number of categories within the step, and p; is the proportion of the category i.

This measure approaches 0 when one option is chosen with overwhelming consistency and 1
when all options are chosen equally often (uniform distribution). Because entropy is insensitive to
sample size, we supplemented it with exact binomial tests against a 0.5 null. In cases where
normalized entropy exceeded 0.98 threshold, we generally observed no statistically significant
deviation from uniformity.
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To assess the prototypicality of pipelines, we introduced the parameter-choice prototypicality
index, which measured how common analysis choices were among teams. For each processing
step s, we computed the proportion of teams that made each possible choice. For a given team
t, let p, ; denote the proportion of teams that made the same choice as team t at step s. The
parameter-choice prototypicality index for team t was then calculated as:

1
CTIl; = 3 g:l Pts >

where S is the total number of processing steps. Lower values indicate that a team tended to use
rarer choices, whereas higher values indicate more common choices.

To quantify the sequence of processing steps, we defined 12 commonly used ERP analysis steps
and asked analyst teams to indicate the order in which they performed each one. Steps not used
by the team were left blank. Each step corresponded to a specific operation (e.g., high-pass or
low-pass filtering, segment rejection, etc.) and the sequence preserved the order of application.
Steps used by fewer than 25% of teams were removed (i.e., “Detrending”, “Spatial transform”).
To quantify how frequently one preprocessing step followed another, pipelines were encoded as
a transition probability matrix: rows correspond to preceding steps, and columns correspond to
subsequent steps (see Figure 2A). Each cell value reflects the probability that a given step
(column) immediately follows another step (row), calculated as the number of times a given
transition occurred across all pipelines. One team did not report the order of steps and one team
reported the order of only one step and were consequently excluded from the transition probability
matrix.

To estimate the prototypical order of steps, we identified the team whose step sequence had the
highest average probability from the transition probability matrix. According to this procedure, the
order of the prototypical pipeline was high-pass filtering, low-pass filtering, epoching, baseline
correction, and segment exclusion. To compute the distance of the pipelines submitted by all
teams with this prototypical order of steps, a letter code was assigned to each preprocessing
operation, and the entire pipeline was converted into a string. The Levenshtein string similarity®?
was then calculated by comparing character-by-character each pipeline sequence to the
prototypical string: based on the number of insertions, deletions, or substitutions needed to
transform one string into another, a distance score from the prototypical pipeline was assigned to
each team. The Levenshtein score was used to estimate each teams’ distance to the step-order
prototypicality.

4.5.2 EEG time series data

We were unable to process the time-series data from 51 teams for the following reasons: the data
were not epoched (n = 23), the files could not be opened (n = 18), or essential information—such
as channel labels, time points, data dimensions, or supporting files—was missing (n = 10; a more
detailed description can be found in *®). The EEGManyPipelines steering committee brought data
from 117 teams into a matched format: EEG time-series data were transformed to the same epoch
window length (-200 to 600 ms), number and order of channels, and sampling rate (256 Hz). If
the data had a shorter epoch length or a varying number of participants (due to participant
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exclusions), we added NaN values to standardize the format across teams. Thirty-four teams
provided their data in volts, which we converted to microvolts.

Difference waves

Out of 117 teams whose data was available, for hypothesis 1 the difference waves could be
extracted from 109 teams due to problems with event markers (n = 4), empty data for one of the
conditions (n = 2), preprocessing reference to a different hypothesis (n = 1), or problems with
channel labels (n = 1). For hypotheses 2 and 3, data from 115 teams were initially available (two
datasets from the 117 referred to different hypotheses); a further 27 teams were excluded due to
problems with event markers and 3 teams were excluded due to empty data structures, leaving
88 teams whose data could be used for further analyses.

Difference waves were calculated by subtracting the averaged ERPs of the two conditions that
are contrasted in each of the three hypotheses. For hypothesis 1, the difference wave was
obtained by subtracting the grand-average ERP for natural stimuli from that for man-made stimuli.
For hypothesis 2, the grand-average ERP for previously seen (‘old’) pictures was subtracted from
that for new pictures. For hypothesis 3, the grand-average ERP for ‘misses’ (old pictures falsely
identified as new) was subtracted from that for ‘hits’ (old pictures correctly recognized as old).

Comparing signal variability across teams and participants

To quantify the variability in results induced by different analytic decisions (i.e., across analyst
teams) relative to the variability typically observed across the participants in an EEG study (e.g.,
due to differences in skull size and thickness, brain anatomy, etc.), we computed grand-average
ERPs and difference waves for hypothesis 1 across teams and across participants. This was
completed to provide an overall representation of the neural responses used to compare EEG
signal variability across teams and participants.

To compute variability across participants, we averaged the ERPs and difference waves across
analysis teams for each participant and computed the variance of the participant averages. Next,
to compute variability across analysis teams, we calculated the grand-average ERPs (average
across participants) and difference waves for each analysis team, and computed the variance
across analysis teams (see Figure 4). Variance was calculated using an implementation of the
var function in R that uses the unbiased sample variance estimator, defined as the average
squared deviation from the mean with n — 1 as denominator, where n is the number of
observations.

4.6 The link between prototypical pipelines and the results

To answer whether unusual pipelines were associated with unusual results, we estimated the
average difference wave across teams for each hypothesis. For each hypothesis, we computed
the median absolute difference wave and averaged it within a 100-600 ms time window. For
hypothesis 1 we used channel CPz, and for hypotheses 2 and 3 we used channel Fz. Outliers
were identified as mean amplitude below Q1 — 3« IQR or above Q3 — 3 *IQR and excluded
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from further analysis. We then correlated these values with the step-order prototypicality
(Levenshtein distance between each team’s step order and the prototypical step order) and
parameter-choice prototypicality index, using Spearman’s Rank correlations.

4.7 Linking analysis choices to results

We used the corrected values from the analysis questionnaire as independent variables in linear
models. The dependent variables were derived from the reported p-values and difference waves
from three hypotheses. Unfortunately, we were unable to use standardized effect sizes as
dependent variables due to the high heterogeneity in the reports. Even within the same statistical
test (e.g., cluster-based statistics), the measures of the effect can differ, for example, by referring
to the range (e.g., t-min to t-max), the mean (e.g., t-mean), or the sum of test statistics (e.g., t-
sum).

Because the distribution of test statistics was skewed, we transformed p-values into z-scores
using the inverse normal quantile function in R version 4.4.1*° to approximate a standard normal
distribution. If a team reported multiple significant p-values across electrodes and time windows,
we took the median p-value across their significant findings. In the models that used the
transformed p-values, model specifications were:

- Hypothesis 1. Out of 168 teams that completed the analysis, 14 teams did not report a
p-value, one team did not report if they corrected for multiple comparisons, and one team
was removed from the analysis as an outlier identified by studentized residual exceeding
an absolute value of 3. We included 152 teams in the linear model. We excluded
information on software host, method of multiple comparisons, and high-pass filter
direction from linear models due to high collinearity among these variables, as indicated
by the variance inflation factor (VIF). For hypothesis 1, independent variables were:
software, high-pass cutoff frequency, filter type, reference, sampling frequency, number
of excluded subjects, analyzed topographic region, analyzed number of channels,
averaging over the channels (a binary outcome, yes/no), segment exclusion criteria,
statistical method, correction for multiple comparisons (a binary outcome, yes/no),
analyzed time window length and whether it was averaged or not (a binary outcome,
yes/no), independent component analysis (ICA) algorithm, bad-component selection
visual or plugin based (a binary outcome, yes/no), and baseline window length.

- Hypothesis 2. Of the 168 teams that completed the analysis, 20 did not report a p-value,
23 teams did not report a p-value with the necessary precision, and one team did not
report whether they averaged across channels. A total of 124 teams provided full reports
that were included in the linear model. We excluded information on software host, multiple-
comparison method, and high-pass filter direction from linear models due to high
collinearity among these variables (based on VIF scores). The independent variables
were the same for hypothesis 2 as for hypothesis 1, except for the analyzed time window,
as it was already specified in hypothesis 2, and only a small fraction of teams deviated
from it.
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Hypothesis 3. Out of 168 teams that completed the analysis, 52 teams did not report a
p-value, one team did not report if they averaged across the sensors, one team did not
report if they averaged across the time window, and one team was removed from the
analysis based on studentized residual exceeding an absolute value of 3. In total, 113
teams submitted full reports and were included in the linear model. We excluded
information on software host, software, and high-pass filter direction from linear models
due to high collinearity associated with these variables (based on VIF scores). For
hypothesis 3, the independent variables were the same as for hypothesis 1, except for
software, the number of analyzed channels, and the topographic region. We did not
include the last two variables due to missing information.

We used difference waves of the hypothesis-specific conditions as dependent variables in linear
models. The model specifications for the three hypotheses were:

Hypothesis 1. The mean difference wave from the CPz channel representing the N100
component (80—120 ms) served as the independent variable in the linear models for
hypothesis 1. Of the 109 teams with available data, eight lacked the CPz channel and
were excluded, and one team was removed as an outlier due to exceptionally high mean
amplitude values (above 10 pV). From the remaining 100 teams, four were further
excluded based on studentized residuals (exceeding 3). Data from 96 teams were used
in the linear model. The independent variables were: software, high-pass cutoff- and type,
reference, sampling frequency, number of excluded subjects, segment exclusion criteria,
ICA algorithm, visual- or plugin-based bad-component selection (a binary outcome,
yes/no), and baseline window length.

Hypothesis 2. The mean difference wave from Cz, Fz, FCz, FC1, FC2, FC3, FC4, FC5,
and FC6 channels in the time window between 300 and 500 ms was used as the
independent variable in linear models for hypothesis 2. Of the 88 teams for which
difference waves were available, two teams were excluded based on studentized
residuals (exceeding 3), two teams were excluded due to exceptionally high mean
amplitude values (above 10 yV), and one team due to extreme leverage, which led to
numerical instability in the HC3 robust variance estimation. Data from 83 teams were used
in the linear model. The independent variables were: software, high-pass cutoff, type, and
direction, reference, sampling frequency, number of excluded subjects, segment
exclusion criteria, ICA algorithm, visual- or plugin-based bad-component selection, and
baseline window length.

Hypothesis 3. The mean difference wave from Fz channels in the time window between
400 and 600 ms was used as the independent variable in the linear model for hypothesis
3. Of the 88 teams for which difference waves were available, two teams were excluded
due to exceptionally high mean amplitude values (above 10 pyV), one team was excluded
based on studentized residuals (exceeding 3), one team was excluded due to extreme
leverage, which led to numerical instability in the HC3 robust variance estimation, and one
team was excluded due to missing data points. Data from 83 teams were used in the linear
model. The independent variables were: software, high-pass cutoff, type, and direction,
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reference, sampling frequency, number of excluded subjects, segment exclusion criteria,
ICA algorithm, visual- or plugin-based bad-component selection, and baseline window
length. To assess the generalizability of the findings, we also tested the mean difference
wave in the Pz channel using the same linear model specifications.

For all of linear models, we also included 4 variables representing the order of steps (all teams
received a binary score, yes/no, for each category): epoching before high-pass filtering, low-pass
filtering before artifact correction/rejection, re-referencing before artifact correction/rejection, and
artifact correction before artifact rejection. These categories were chosen based on prior
literature®°.

Missing reports from the analysis questionnaire detailing the data processing and analysis
pipelines were filled in as a mean score across teams for continuous variables, and as ‘unknown’
for categorical ones to preserve other pipeline responses in the specified model. Continuous
variables were standardised to z-scores (mean = 0, SD = 1).

Because the initial linear model included many predictors, there was a risk of overfitting. To
identify the most parsimonious model, stepwise model selection was performed in both directions
using the Bayesian Information Criterion (BIC). The stepwise procedure was implemented using
the stepAlC() function, with the penalty parameter adjusted as k = log(n) to approximate the
BIC for more conservative model selection. The final model was selected using the BIC score,
which identifies the model expected to provide the best balance between fit and simplicity.
Subsequent coefficient estimates and p-values are conditional on this selected model and should
be interpreted descriptively rather than as confirmatory tests.

Model assumptions were evaluated prior to interpretation. Influential observations were examined
using studentized residuals. Observations with absolute studentized residuals greater than 3 were
identified and further assessed for undue influence using leverage and Cook’s distance criteria.
Linearity was evaluated by examining the relationship between fitted values and residuals; no
systematic patterns were observed. Residual normality was assessed using the Shapiro—Wilk
and Kolmogorov—Smirnov tests. Homoscedasticity was evaluated using the Breusch—Pagan test.
Models that included the difference waves from hypotheses 2 and 3, and the p-values from
hypothesis 1 as dependent variables, showed evidence of heteroscedasticity. To account for
heteroscedasticity, robust standard errors were estimated using the HC3 heteroscedasticity-
consistent covariance matrix.

Data availability

The EEGManyPipelines dataset can be downloaded from the brainlife.io platform
(https://brainlife.io/project/6863bf5c1521e536327bfea7®’) under the Creative Commons
Attribution (CC-BY) license. The instructions for the analysts detailing the EEG dataset and task,
the questionnaires, and forms can also be found at the EEGManyPipelines Open Science
Framework repository (https://osf.io/c5hyt). For information on the data structure and usability, we
refer the reader to the accompanying data descriptor paper®.
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Code availability

https://github.com/EEGManyPipelines/Main_Paper/tree/main
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