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Abstract

Objective: Detection of seizures and rhythmic or periodic patterns (SRPPs)
on electroencephalography (EEG) is crucial for the diagnosis and manage-
ment of patients with neurological critical illness. Although automated detec-
tion methods are advancing, they require large, high-quality, expert-annotated
datasets for training. However, expert annotation is limited by the availability
of trained neurophysiologists. Crowdsourcing, or soliciting contributions from
a large group of people, may present a potential solution. This study evaluates
the feasibility of crowdsourcing annotations of short epochs of EEG record-
ings by comparing the performance of experts and non-experts in identifying
six SRPPs.

Methods: We conducted an EEG scoring contest using a mobile app, involving ex-
pert and non-expert participants. Non-experts in our studies include physicians-MD,
medical students-MS, nurse-practitioner-NP/physician-assistant-PA/pharmacists,
NP-students/PA-students/pharmacy-students/other-healthcare-students, and oth-
ers. Performance was assessed using pairwise agreement and Fleiss' kappa between
experts, and accuracy comparisons between experts and the crowd using individ-
ual and weighted majority votes.

Results: A total of 1542 participants (8 experts and 1534 non-experts) answered
478 834 questions across six SRPPs: seizures, generalized and lateralized peri-
odic discharges (GPDs and LPDs), and generalized and lateralized rhythmic
delta activity (GRDA LRDA), and “Other.” Using individual, non-weighted
votes, the crowd's performance was inferior to experts for overall and across six
SRPP identification. Using weighted majority votes, the crowd was non-inferior
to experts for overall SRPP identification with accuracy of .70, 95% confidence
interval [CI]: .69-.70 compared to expert's accuracy of .68, 95% CI: .68-.70.
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1 | INTRODUCTION

In this study, we evaluate and compare the performance
of experts and non-experts in identifying six seizure
rhythmic and periodic patterns (SRPPs) on electroen-
cephalography (EEG) recordings. We hypothesized that
although individual experts will outperform individual
non-experts, the collective performance of non-experts
using weighted voting would be comparable to that of
experts. This comparison aims to assess the feasibility of
crowdsourcing as a scalable method for generating high-
quality SRPP annotations for training EEG classification
algorithms.

Detection of SRPPs is an important component of
medical care for patients with neurological critical ill-
ness or epilepsy."? Semiautomated and automated SRPP
detection using machine learning (ML) methods have
gained traction in recent decades.””” However, large,
high-quality, expert-annotated EEG datasets are required
to train these algorithms. Current publicly available EEG
datasets are mainly annotated for seizure detection/
prediction tasks.® Only one dataset to date has been cu-
rated for SRPPs.? To expand on this work and train more
generalizable algorithms, larger and more diverse SRPP
datasets are needed.

Manual annotation of EEG is labor intensive and ex-
pensive, further limited by the availability of trained ex-
perts. To facilitate scalable SRPP annotation with the goal
of curating large, generalizable datasets, crowdsourcing is
an attractive solution.

The idea of crowd-sourcing is not novel. In the
1700s, Marquis de Condorcet in his work “Essay on the
Application of Analysis to the Probability of Majority”
outlines that majority voting is likely to beat individual
votes, assuming that each voter is more likely to vote
correctly than incorrectly.'’ This forms the basis of en-
semble classifiers in ML, combining the predictions of

Epilepsia-*

The crowd performed comparably or better than experts in identifying most
SRPPs, except for LPDs and “Other”. No individual expert outperformed the
crowd on overall metrics.

Significance: This proof-of-concept highlights the promise of crowd reviewers
for obtaining expert-level annotations of SRPPs, which could potentially acceler-
ate the development of large, diverse datasets for training automated detection
algorithms. Challenges, such as varying calibration/test splits across crowd par-
ticipants in the study and the absence of gold standard labels in the real-world
settings, remain to be addressed.

annotation, crowdsourcing, EEG, machine learning, seizures rhythmic and periodic patterns

Key points

1.The availability of trained neurophysiologists
limits expert annotation of seizure rhythmic
and periodic patterns (SRPPs) on electroen-
cephalography (EEG).

2. Automated detection methods require large,
high-quality, expert-annotated datasets for
training.

3.We compare the performance of experts and
non-experts in identifying six SRPPs via EEG
scoring contest using a mobile app.

4.Using weighted majority scoring, the crowd
performed comparably or better than experts in
identifying most SRPPs.

5.No individual expert outperformed the crowd
on overall metrics.

individual classifiers using majority voting. The value of
crowdsourcing has also been established in medical image
annotation tasks.""”'* There are similar studies evaluating
crowdsourcing to generate EEG data annotations. Warby
et al.' investigated the performance of 18 researchers and
695 non-experts compared to 47 experts (polysomnogram
technologists) for sleep spindle detection. They found that
group consensus from researchers and non-experts out-
performed individual experts.

However, it remains unknown whether crowdsourc-
ing can produce annotations of sufficient quality to rival
those of experts, particularly for complex EEG patterns
like SRPPs. This knowledge gap is critical, as the success
of crowdsourcing in this domain could significantly ac-
celerate the development of automated SRPP detection
algorithms by providing larger, more diverse training
datasets.
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2 | METHODS

2.1 | Study design and participants

2.1.1 | SRPP scoring contest
This study was conducted at Massachusetts General
Hospital and Beth Israel Deaconess Medical Center under
institutional review board (IRB) protocols that provided
waiver of consent for use of the EEG data for research
(Protocol no.: MGH 2013P001024, BIDMC #2024P000804).
We conducted an EEG scoring contest using a mobile iOS
app (DiagnosUs, https://www.DiagnosUs.com) in collabo-
ration with Centaur Labs (Boston, MA, www.centaurlabs.
com). The contest was launched publicly at the Critical
Care EEG Monitoring Research Consortium (CCEMRC)
annual meeting on June 6, 2021, and subsequently made
available to a broader audience of medical professionals
and students worldwide. The contest was structured as
a short-term competition lasting 1 month, during which
participants were presented with EEG images and asked
to identify specific SRPPs. Each response was scored for
accuracy against a predetermined gold standard, and a
real-time leaderboard ranked participants based on per-
formance. Participants were given instant feedback on
their responses during the contest.

All participants were required to complete a short pre-
contest training using a set of training slides. No post-
training assessment or test questions were conducted

during the study, as the contest was launched with the goal
of capturing a broad range of background and knowledge
levels. Throughout the contest, participants assessed six
SRPPs: seizures, generalized periodic discharges (GPDs),
lateralized periodic discharges (LPDs), generalized rhyth-
mic delta activity (GRDA) lateralized rhythmic delta activ-
ity (LRDA), and “Other.” The “Other” class encompasses
any EEG pattern that does not fall into one of the five pri-
mary SRPP categories (LPD, GPD, LRDA, GRDA, or sei-
zure). This class includes normal EEG recordings, muscle
artifacts, sleep architecture, and epileptiform discharges
that do not meet the specific criteria for the five defined
patterns. Each question displayed a 10 s EEG epoch in a
bipolar montage, accompanied by a 10 min spectrogram,
providing a standardized format for pattern identification
(Figure 1). Participants were not allowed to skip ques-
tions. To encourage participation, the contest offered
small monetary prizes to top performers. Beyond the com-
petitive aspect, the contest served as a novel educational
tool, allowing participants to improve their EEG analysis
skills through practice and immediate feedback. This dual
purpose of competition and education aimed to maximize
both the quantity and quality of data collected.

2.1.2 | Participants

The contest was open to the public through the DiagnosUs
app. For analysis purposes, we grouped participants based

[0

; ! I A A
! ,J"/\,, :,‘\,/\,/W,, :\_,,_‘H’/ 5

AR
AW

/ N NN
‘ / \\/g\/"vv‘”\;vv/\/\/\/i\/\m\/\,—\l(\—\/\ ~ ‘%\A /\,A/\/‘jv\f'\[\/\/

T

16:34:26 16:36:56 16:39:26 16:41:56 16:44:26  16:39:21 16:39:22

16:39:23 16:39:24 16:39:25 16:39:26 16:39:27 16:39:28 16:39:29 16:39:30 16:39:31

FIGURE 1 Standardized question format. A 10 s electroencephalography (EEG) epoch in a bipolar montage, accompanied by a 10 min

spectrogram.
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on their experience level. Experts in the study is defined
operationally as having completed at least 1year of spe-
cialty training (board certified in epilepsy or clinical neu-
rophysiology) as that is the minimal amount of training
required to complete subspecialty fellowship training be-
fore going into practice as an independent clinical neu-
rophysiologist. All eight experts who participated in the
study had verifiable training and credentials. Level of ex-
perience (time in practice) for the experts in our study is
between 1 and 15years (Supplemental S3). Non-expert/
crowd participants were divided into five groups: physi-
cians-MD, medical students-MS, nurse practitioner-NP/
physician assistant-PA/pharmacists, NP students/PA stu-
dents/pharmacy students/other healthcare students, and
others/experience level not specified.

2.1.3 | Gold standard

In our previous work, 30 expert raters from 18 centers
scored 50697 EEG segments from 2711 patients, for the
six SRPPs. Specifics on EEG sources and candidate inter-
ictal epileptiform discharges (IED) collection have been
described previously.’ Not all segments were scored by all
30 experts. Only segments with 10 or more expert votes
were included in the gold standard for the present study.
For each segment, the correct class label was defined to be
the one receiving the most expert votes. The certainty of a
label for samples with >10 votes was published previously:
35.2% were top class received >80% votes, 13.1% where
the difference in the top 2 classes were <10%, and 51.7%
were in-between.’ Ties were infrequent; however, when
they occurred, they were resolved arbitrarily using the fol-
lowing priority order: Seizure > LPD > GPD > LRDA >
GRDA > Other.

2.2 | Interrater agreement between
experts in the study and gold standard
experts

The overall level of agreement between pairs of raters
was calculated based on all the cases where both raters
answered a common question. Only pairs of raters who
answered at least five questions in common were included
in the analysis. The pattern-specific pairwise agreement
was computed using the same approach.

Fleiss' kappa (x) was obtained by comparing the ob-
served agreement (mean item-level agreement score)
with the expected agreement (overall distribution of
ratings), adjusting for chance agreement. For subgroup
analyses, both Fleiss' kappa and Gwet's AC1 (AC1) were
computed for each subgroup. In subgroup analyses, the
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distribution of ratings is often skewed, since each sub-
group is defined by a dominant category, which inflates
the expected chance agreement and results in a lower
Fleiss' kappa. Gwet's AC1 is less sensitive to these prev-
alence effects and provides a more accurate estimate of
inter-rater agreement.'”®

2.3 | Calibration and test dataset

We first group the data by user, questions, and experi-
ence level, aggregating the unique responses from the
user's answer and gold standard (correct answer) into
sets. For each user, we compute two greedy set covers—
one based on the user's answer and one based on the gold
standard—to determine the minimal set of questions that
together cover all required patterns in both settings; the
union of these two covers forms the calibration set. Only
users who achieve full coverage in both user's answer
and gold standard and who have at least one additional
unused question remaining were qualified. Finally, we
split the data into two sets: a calibration dataset for each
qualified user, which contains the user-question pairs re-
served for calibration; and a test dataset, which includes
all the remaining unused questions combinations for
those same users.

We did not split the gold standard randomly into two
parts—one for computing weights and one for assess-
ing performance—as each user answered a different set
of questions, and such an approach would dramatically
reduce the available user-question set. Instead, this ap-
proach selects a unique set of calibration questions for
each user, which were completely excluded from the test
dataset for that user, ensuring that the calibration and test
sets are mutually exclusive. The calibration dataset will be
used only to compute accuracy, whereas the test dataset
will serve for performance and sensitivity analyses.

2.4 | Performance of experts vs crowd
using individual, non-weighted votes

We fitted two mixed-effects models using Restricted
Maximum Likelihood (REML) estimation. In the over-
all (across all SRPPs) model (Model 1), the outcome was
accuracy—the proportion of correct answers for each
question by each group (Expert vs Crowd). Fixed effects
included the group indicator and the average number of
questions answered to adjust for the learning effect, and
arandom intercept was included for each problem to ac-
count for between-problem variability. In the by-pattern
model (Model 2), we included the SRPP as a fixed ef-
fect, along with an interaction between group and SRPP.
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We extracted the group coefficient and its standard error
from the model's covariance matrix. We then computed
a one-sided z-statistic with a non-inferiority margin of
.05 (with a null hypothesis that Expert has at least 5%
higher accuracy than Crowd). In this analysis, a non-
inferiority margin (6) of 5% was selected as a conserva-
tive threshold—this choice was made in the absence of
an established non-inferiority margin in the literature.
We computed a one-sided p-value (pattern-specific p-
values were adjusted with Bonferroni correction to
account for multiple comparisons) with p <.025 consid-
ered statistically significant.

2.5 | Performance of experts vs crowd
using weighted majority votes

To compare the performance of experts and the crowd,
the majority vote for each group was compared against
the gold standard answer.'” These votes were weighted
using the individual expert's and the crowd's accuracy,
defined below.

For the weighted analysis, analogous models were
estimated. In the overall weighted model (Model 3), the
outcome was a binary weighted accuracy—computed by
taking a weighted majority vote for each problem. Fixed
effects again included group and the average number of
questions answered, with a random intercept for prob-
lem capturing between-problem variability. The by-
pattern weighted model (Model 4) incorporated SRPP as
a fixed effect, along with an interaction between group
and pattern, to investigate whether the weighted accu-
racy differences between experts and the crowd differ
across SRPP.

We then computed a one-sided z-statistic with a
non-inferiority margin of .05. We computed a one-
sided p-value (pattern-specific p-values were adjusted
with Bonferroni correction) with p<.025 considered
significant. The weighted majority vote was calculated
as follows:

N
Weighted Majority Vote = arg max Z w; X I(c;j=c),

ceC i=1

where

P
_ D p=1 Accuracy; ,

w; = P
Where C is the set of all possible classes (LPD, LRDA,
GRDA, GPD, Seizures, other), N is the total number of
participants, w; is the weight for the i-th participant,
defined as their average accuracy across all patterns.

Arg_max{ceC} is the value of the class C with the max-
imum weighted votes, and P is the total number of pat-
terns (in this case, p=6). Accuracy; , is the accuracy of
the i-th participant for the p-th pattern. I (¢;;=c) is an
indicator function that equals 1 if a participant i's vote
for problem j matches class ¢, and 0 otherwise.

2.6 | Accuracy

Accuracy for each participant was calculated for each
pattern. Responses were grouped by participant and
pattern, and the values for True Positives (TPs), True
Negatives (TNs), False Positives (FPs), and False
Negatives (FNs) were aggregated accordingly. Accuracy
is defined as the sum of TPs and TNs divided by the
total of TPs, TNs, FPs, and FNs: Accuracy= (TP +TN)/
(TP+TN+FP+FN). For each participant, the average
accuracy across all patterns was obtained by summing
the accuracy for the six patterns, then dividing that
total by 6. The average accuracy was computed using
the calibration dataset and used as a weight for the cal-
culation of weighted majority scoring on the test data-
set. The distribution of the crowd's accuracy for each
SRPP, along with the average that was used as a weight,
is shown in Supplemental S11.

2.7 | Micro- and macro-averaged
F1 scores

For the non-weighted approach, we compared each user's
response directly to the corresponding gold standard label
for each EEG segment and calculated the F1 scores. The
micro F1 score is computed by aggregating the overall
counts of TPs, FPs, and FNs across all classes, whereas the
macro F1 score is obtained by averaging the F1 scores cal-
culated independently for each class. For the weighted ap-
proach, we first derived a single prediction for each EEG
segment using a majority weighted voting method that
selects the answer with the highest cumulative score. We
then computed the F1 scores using the same definitions as
in the non-weighted approach.

2.8 | Performance of experts vs crowd
subgroups

We fit a mixed-effects model using REML, with experts
and crowd subgroups (distinguishing between Neurology
and Non-Neurology) as fixed effects. The model also in-
cludes the average number of questions answered per
user as an additional fixed effect and included a random
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intercept for each problem to control for between-problem
variability. For each crowd subgroup, we performed an
analysis of covariance (ANCOVA) to estimate the ad-
justed difference between expert and crowd performance.
Two-sided p-values were adjusted for multiple testing
using Bonferroni correction, with p-value <.05 considered
statistically significant.

2.9 | Performance of individual expert
vs crowd

The performance of each expert was also compared
against the crowd's majority votes computed above, using
independent ¢ tests. The p-value is computed by calculat-
ing the Z-score from the difference in accuracy between
each expert and crowd, with p<.05 considered statisti-
cally significant. For this assessment, any expert who re-
sponded to fewer than five questions for any given SRPP
was excluded from the comparison.

2.10 | Sensitivity analyses

To evaluate whether crowd performance is influenced
by the number of user responses per question or the
crowd's experience level, we calculated the weighted
majority accuracy of the crowd after sequentially re-
moving different groups from each experience level, one
at a time.

To evaluate the number of crowd consensus labels
needed to match the performance of experts, we use a
bootstrap resampling technique to assess how the accu-
racy of the crowd changes across different sample sizes.
For a sample size of 5-50, repeated sampling with re-
placement was performed to generate multiple datasets,
each containing a randomly selected subset of users.
For each of these resampled datasets, weighted major-
ity accuracy was computed. This was repeated across
1000 bootstrap iterations. The mean accuracy of the
bootstrapped samples and the 95% confidence intervals
(CIs) were derived from the empirical distribution of
bootstrap estimates, which were compared against ex-
pert accuracy and treated as a fixed benchmark across
sample sizes.

To assess whether hard-filtering improves crowd per-
formance compared to the weighted majority approach,
we filtered the crowd participants that excluded the bot-
tom 20% of crowd participants based on calibration set
accuracy, effectively removing the poorly performing par-
ticipants. We then compared the average performance of
this filtered crowd on the test dataset using non-majority
weighted scoring.

Epilepsia ="
3 | RESULTS

3.1 | Participants

A total of 1542 participants were eligible for calibration
and test dataset split. For the calibration dataset, the range
of question count answered were 6-11 (Table 1). For the
test dataset, the number of participants stratified by par-
ticipation level (number of questions answered/number of
users) are as follows: expert (8433/8), MD/DO (56 025/77),
medical student-MS (249827/538), nurse practitioner-
NP/physician assistant-PA/pharmacist (12960/61), NP
student/PA student/pharmacy student/other healthcare
student (56 034/378), others/experience level not specified
(95555/480) (Table 1). The calibration dataset had 17619
answered questions, whereas the test dataset had 478 834.
Consequently, the calibration set represents 4% of the
overall dataset.

Survey responses on participants’ place of residence
revealed that many live in the Philippines and the United
States, with representation spanning all continents.
However, most participants did not provide their location
(Supplemental S1).

The most common pattern (count/percentage) in the
questions set was ‘Other’ (102693/21.4), followed by sei-
zure (89868/18.8), LPD (77718/16.2), GPD (73058/15.3),
GRDA (67989/14.2), and LRDA (67508/14.1). Most par-
ticipants answered between 1 and 1000 questions with ac-
curacy ranges between .67 and .92; participants answering
between 1000 and 2000 had accuracy ranges between .67
and .86, and those who answered >2000 questions had
accuracies in the range .72-.87. The correlation between
accuracy and number of questions answered per partici-
pants is .75. (Supplemental S2).

3.2 | Inter-rater agreement between
experts

The inter-rater agreement (pairwise agreement-PA/x/
AC1) for 8 experts in the study and 30 gold standard
experts (Supplemental S3) were as follows: Overall
(PA-.57/.53; k-.54/.43); GPD (PA-.60/.46; AC1-.7/.56);
GRDA (PA-.48/.39; AC1-.53/.44); LPD (PA-.41/.54;
AC1-.51/.57); LRDA (PA-.44/.31; AC1-.54/.34); Other
(PA-.57/.54; AC1-.61/.49); and Seizure (PA-.5/.4; AC1-
.6/.5). Interrater agreement among the gold standard
experts was lower than that of the experts in the study—
both overall and for most SRPP categories—across
various metrics, with the exception of the LPD cate-
gory. However, the distribution of the agreement rate
for gold standard experts was more widely dispersed
(Supplemental S4 and S5). Among the gold standard
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TABLE 1 Number of questions answered and number of users

in each group (stratified by experience level) for calibration and test

datasets.
Calibration dataset
Range of questions
answered per user/
Group Experience level number of users
Expert Expert 8-11/8
MD MD 7-11/73
DO 8-10/4
Medical student Medical student 6-11/538
NP/PA/pharmacist NP 7-11/45
PA 8-11/7
Pharmacist 8-11/9
Other students NP student 7-11/38
PA student 9-11/5
Pharmacy student 8-11/14
Other healthcare 7-11/321
student
Others Others 6-11/480
Test dataset
Number of
questions answered/
Group Experience level number of users
Expert Expert 8433/8
MD MD (all) 55829/73
MD (neurology) 786/3
DO 196/4
Medical student Medical student (all) 249827/538
Medical student 38959 /28
(neurology)
NP/PA/pharmacist NP (all) 10185/45
NP (neurology) 801/2
PA 1909/7
Pharmacist 866/9
Other students NP student 2003/38
PA student 725/5
Pharmacy student 3939/14
(all)
Pharmacy student 1529/1
(neurology)
Other healthcare 49367/321
student (all)
Other healthcare 1772/21
student (neurology)
Others Others (all) 95555/480
Others (neurology) 2918/30

Note: Among the crowd subgroups that identified neurology as their

subspecialty, this information was also displayed.
Abbreviation: DO, doctor of osteopathic medicine; MD, doctor of medicine;
NP, nurse practitioner; PA, physician assistant.

experts, the mean agreement with the consensus vote
was 68.2% (95% CI: 65.5%-70.8%).

3.3 | Performance of individual experts
vs individual members of the crowd

We compare the average performance of all individual
experts with the average performance of all individual
members of the crowd. Overall, the average crowd per-
formance was not non-inferior to the average experts in
identifying SRPP, with accuracy difference: —.22, 95%
CIL: —.23 to —.21 and one-sided non-inferiority p-value: 1.
Crowd's vs Experts' performance for SRPPs were as fol-
lows (accuracy difference, 95% CI): LPD (-.26, —.28
to —.24); GPD (-.22, —.24 to —.2); LRDA (-.22, —.25
to —.19); GRDA (-.2, —.23 to —.18); Seizure (—.11, —.13
to —.09); Other (—.32, —.34 to —.3). The adjusted one-sided
non-inferior p-value for all SRPPs was 1. The 95% CI lies
entirely below 0 for overall and all SRPPs, indicating that
the experts were superior to the crowd (Figures 2 and 3).

3.4 | Performance of experts vs crowd
using weighted majority votes

Overall SRPP classification performance of the crowd vs
the experts was measured using weighted majority vot-
ing within each group. The crowd was non-inferior to
the experts, with an accuracy difference of —.001 (95%
CI —.015 to .013, one-sided non-inferior p-value <.001).
(Figures 2 and 3).

For SRPP subgroup identification, the crowd was not
non-inferior (accuracy difference/adjusted one-sided
non-inferior p-value) to the experts for LPDs (—.04, 1)
and Other (—.17, 1). The crowd was non-inferior to ex-
perts for GPDs (.07, <.001), GRDA (.14, <.001), LRDA
(.1, <.001), and Seizure (.06, <.001) classification. The
95% CI for GPDs, GRDA, LRDA, and Seizure were en-
tirely above 0, which indicates that the crowd's per-
formance was statistically superior to that of experts
(Figures 2 and 3).

3.5 | Effect of number of questions
answered on performance

Derived from the model's coefficient, for each additional
question answered by a rater, the overall (non-weighted
and weighted) and by-pattern (non-weighted) accu-
racy increased by .001% (p-value <.001); the by-pattern
(weighted) accuracy has no significant association with
number of questions answered.
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FIGURE 2 Performance of crowd vs experts using individual, non-weighted votes and weighted majority vote. The predicted accuracy

(NW, non-weighted; WM, weighted majority accuracy) derived from the mixed-effects models (represented by bar graph) and the

corresponding 95% confidence intervals (represented by error bars) were calculated for expert and crowd for overall and each SRPP (x-axis).

GPD, generalized periodic discharge; GRDA, generalized rhythmic delta activity; LPD, lateralized periodic discharge; LRDA, lateralized

rhythmic delta activity; NW, non-weighted, average proportion of correct answers; WM, weighted majority accuracy.

3.6 | Comparison of the crowd vs
individual experts

Crowd majority accuracy for overall SRPP identification
was higher than three experts with an accuracy differ-
ence range of .06-.11 (p<.05); no significant difference
was found for the other five experts. None of the experts
performed better than the crowd when scored individu-
ally (Figure 4). Crowd majority accuracy was either higher
than or not significantly different from any individual ex-
pertaccuracy for GRDA, LRDA, and seizure identification.

Only one expert performed better than the crowd for
GPD identification, with an accuracy difference of .14
(p<.05). Three experts performed better than the crowd for
LPD identification, with an accuracy difference ranged .11

and .4 (p<.05). Six of eight experts performed better than
the crowd for the category Other, with an accuracy differ-
ence range of .07-.38 (p <.05) (Supplemental S6).

3.7 | Micro- and macro-averaged F1 score
for overall results

Using unweighted metrics, Expert's vs Crowd's F1 scores
for overall performance were as follows: micro-averaged
F1 score (.68/.47) and macro-averaged F1 score (.68/.47).

Using weighted majority votes, Expert's vs Crowd's
F1 score for overall performance were as follows:
micro-averaged F1 score (.69/.70) and macro-averaged
F1 score (.68/.69).
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3.8 | Performance of experts vs crowd
subgroups

Experts generally outperformed the crowd (p<.05) for
most subgroups—with accuracy differences ranging
from .16 to .36—except for pharmacy student (Neurology).
Although pharmacy student (Neurology) displayed a posi-
tive difference, this finding was not statistically significant
(adjusted p-value=.14). A neurology subspecialty im-
proved accuracy for some non-expert groups—MDs and
pharmacy students—while offering either no advantage
or reduced performance for PAs, “Other” groups, NPs,
and medical student subgroups (Supplemental S10).

3.9 | Sensitivity analyses using the
leave-one-group-out approach

The crowd's weighted majority accuracy for overall and
each SRPP identification was not affected by the removal
of any participants subgroups of the crowd (Supplemental
S7 and S8).

Epilepsia-=*

An assessment of crowd performance across various
sample sizes revealed improvement in accuracy as the
number of user participants per question increased. The
crowd's accuracy steadily approached that of expert con-
sensus as the sample size grew, with crowd performance
equaling expert majority accuracy when the sample size
reached 20 participants. (Figure 5).

By applying a hard filter that excludes the bottom 20%
of crowd raters based on calibration set accuracy—their
average performance on the test dataset (using non-
majority weighted scoring) gained improvement ranging
from .02 to .05 (Overall-.03; Seizure/Other-.02; LRDA/
LPD-.03; GRDA/GPD-.05) (Supplemental S9).

4 | DISCUSSION

Our results demonstrate that crowdsourcing is a feasible
and scalable method for annotating SRPPs, achieving per-
formance levels comparable to those of expert annotations
for most patterns. Although individual expert rater out-
performed individual crowd rater, we found that weighted
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0.2 1
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Sample Size (Number of User Responses)

FIGURE 5 Crowd's performance across various sample sizes. Bootstrap resampling technique to assess how the accuracy of crowd
changes across different sample sizes (x-axis). For each of these resampled datasets, weighted majority accuracy (represented by green dots),

and the corresponding 95% confidence intervals (represented by error bars) were shown. Expert weighted majority accuracy, treated as a

fixed benchmark across multiple sample sizes, is represented by a blue line.
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majority voting based on the crowd matched or exceeded
the accuracy of experts in identifying several SRPP types,
including generalized periodic discharges and rhythmic
delta activity. The crowd slightly underperformed with
lateralized periodic discharges, indicating a need for re-
fined strategies to enhance crowd performance in these
cases. Overall, our findings suggest that crowdsourcing
can serve as an effective tool for generating large, high-
quality datasets for developing robust machine-learning
algorithms for automated EEG analysis, potentially accel-
erating advancements in the field.

We found that, in most cases, the crowd performed
as well as or better than individual experts in identifying
SRPP (except LPD and Other). Moreover, the crowd's per-
formance was comparable to or surpassed the weighted
majority of expert votes. Potential challenges in the
crowd's identification of LPD may be attributed to the lim-
itation in montage selection. However, even experts find
LPD difficult to identify, as these had the lowest pairwise
agreement among evaluated SRPPs. Crowd performance
on “Other” may reflect unfamiliarity with what it en-
tails, hence selecting one of the five predefined options
rather than accurately classifying the pattern as “Other.”
Although prior studies have compared the “wisdom of the
crowd” against individual experts,u’16 we believe that this
comparison alone is insufficient. There is no clear defini-
tion for a true gold standard for EEG labeling, although
visual inspection by human domain experts is tradition-
ally used. Studies have shown that even expert consensus
can be challenging to establish, as demonstrated by only
moderate inter-rater reliability for pattern identification
between experts.9 Therefore, the gold standard for EEG
labeling should ideally be established through expert con-
sensus rather than by relying on individual expert judg-
ments.?*?! This consensus, rather than individual expert
performance, should serve as the baseline for evaluating
crowd performance. Our study's findings are particularly
encouraging because the crowd not only outperformed in-
dividual experts but also matched or exceeded this more
stringent standard of expert consensus.

In our study, the crowd consisted of individuals from
diverse backgrounds, including health care professionals
and those without medical expertise. The crowd had lower
individual average accuracy compared to experts. We
sought to answer several pivotal questions: What strate-
gies can be employed to aggregate crowd wisdom? Is there
a critical threshold in the number of crowd votes needed
to achieve accuracy comparable to expert performance?
How does the diversity within the crowd impact the qual-
ity of their collective decisions? Do learning effects occur,
and do they influence the way the contest is conducted?
To address the first question, we reviewed the literature
on methods for aggregating crowd performance to identify

the most effective strategies for harnessing the collective
intelligence of diverse groups. Methods range from simple
majority voting"> to more sophisticated Bayesian models
accounting for individual error patterns.** We employed a
weighting model, with more weight given to participants
with higher accuracy.? This approach was superior to un-
weighted averaging, as the crowd's performance was infe-
rior to experts without weighting, but further exploration
of other strategies might further enhance crowd perfor-
mance.'"'*** Because our voting task involved multiclass
classification, we elected to use an “average accuracy
across different classes” approach as a weighting criterion
to select better performers within the crowd. Therefore,
even if a participant happens to be correct by chance for a
particular pattern, their contribution to the weighted vote
would remain limited unless their overall averaged accu-
racy across all patterns is consistently high. By applying
a hard filter that excludes the bottom 20% of crowd rat-
ers based on calibration set accuracy, effectively removing
the poorly performing raters, their average performance
on the test dataset, as measured by non-majority weighted
scoring, improved slightly but still remained below the
crowd's weighted average performance. Although increas-
ing the hard filtering threshold might improve the crowd's
measured accuracy further, it ultimately defeats the pur-
pose of crowdsourcing—since it ends up eliminating
most participants and essentially selecting only those who
perform at an expert level. Unlike previous studies that
filtered out subgroups of users based on higher accuracy
thresholds,?? we chose not to exclude any participants. By
including all users, we aimed to capture the full spectrum
of crowd wisdom, ensuring that the aggregation process
remained inclusive and reflective of the diverse perspec-
tives within the crowd.

Crowdsourcing offers a potentially less costly and more
time-efficient alternative to the expert annotation of EEG
data; however, it is essential to analyze the optimal num-
ber of crowd participants required for voting. This analy-
sis is crucial to ensure that the process is reliable. Warby
et al. found that aggregating scores of 3 researchers or 10
non-experts provide comparable performance to that of
an average individual expert in the binary task of iden-
tifying sleep spindles.'® In our study, we observed a clear
trend of accuracy improvement as the number of crowd
participants grew. Crowd performance was comparable
to experts after aggregating 20 or more participants, and
surpasses that of experts with 30 participants. Accuracy
continues to improve with the inclusion of more partic-
ipants. Nevertheless, a threshold of 20 appears to be a
practical benchmark for designing a crowdsourcing plat-
form, with the potential for further accuracy gains with
increased participation. The threshold can serve as a po-
tential reference to construct a second-opinion system for
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EEG pattern identification, where a given reader drops an
EEG example on a crowdsourcing platform to engage at
least 20 participants for a collective opinion that matches
expert-level accuracy.

A diverse crowd is thought to be a strength in crowd-
sourcing due to problem-solving diversity.>> To examine
this, we used a leave-one-group-out approach to examine
the effect of excluding crowd subgroups on the overall
crowd's accuracy and found no difference in the crowd's per-
formance. This suggested that although crowd subgroups
were heterogeneous, they did not differ significantly in their
contributions. In addition, our analysis comparing experts
vs crowd subgroups revealed a heterogeneous impact of
a neurology background on performance across different
crowd subgroups. Although we currently lack additional
characteristics to classify participants into distinct perfor-
mance groups, identifying both high and low performance
represents an intriguing direction for future research.

To explore learning effect, we used mixed-effects models
to compare expert and crowd performance overall and by
SRPP, incorporating the number of questions answered as
a proxy for learning. Across the models, an increased num-
ber of questions answered was associated with a statistically
significant yet very small improvement in accuracy—except
in the by-pattern weighted model, where the relationship is
not significant. This suggests that, although there is a slight
improvement in performance with practice, the learning
effect is minimal. We propose that a calibration process—
where raters complete a limited set of calibration questions
with feedback—should be sufficient to qualify raters.

Another key consideration was the benchmark used
to compare crowd performance—namely, the perfor-
mance of the experts in our study and the quality of the
gold standard label. The overall inter-rater agreement
among experts in the study was moderate, and slightly
higher than the gold standard experts. The gold standard
involved 30 experts compared to only 8 in our study, this
discrepancy may have partly contributed to the lower in-
terrater agreement observed. The performance of experts
in our study against the gold standard was 68% in con-
sensus and individually. Of interest, this was similar to
the gold standard metric, where the gold standard expert
average agreement with group consensus was 68%. The
average agreement with group consensus is a compara-
ble measure of individual expert accuracy relative to the
consensus and reflects the inherent variability between
different experts’ assessments. Previous studies have de-
scribed interrater reliability in EEG interpretation®®%
and although not perfect, the expert performance in our
study supports the validity of these findings. Given that
even experts can exhibit interrater agreement issues,
the requirement of 10 or more responses is intended to
ensure that the gold standard dataset is robust.

Epilepsia ="

Our study was facilitated by a crowdsourcing gamified
platform, enabling us to launch massive EEG annotation
tasks to a large diverse group consistently and uniformly.*
In addition, a unique advantage of a gamified platform
used in this study is the potential for performance-based
incentivization.'” There are other crowdsourcing platforms
for medical data annotations.*** Through Amazon's
Mechanical Turk crowdsourcing platform, the ImageNet
database was created, containing 3.2 million annotated im-
ages. This database serves as a training resource and bench-
mark for many computer vision machine learning models
and revolutionizes the field.** Collecting a similar magni-
tude of medical data annotations would not be feasible if
the task were limited to expert annotation alone. EEG sig-
nal annotation is a nuanced process, complicated by factors
such as varying viewing options (e.g., montage selection
and signal gain adjustments) and the use of evolving ter-
minologies. These challenges must be considered carefully
when designing a crowdsourcing platform to ensure that
the crowd can perform effectively. The goal is to strike a
balance by providing sufficient guidance to enhance crowd
performance without overwhelming them with overly
technical or complex tasks. A crowdsourcing infrastructure
for SRPP annotation has been proposed™ but to date, there
is little empirical evidence demonstrating the feasibility of
this approach. Our study contributes to the literature by
providing concrete data that support the feasibility of using
a crowdsourcing platform for SRPP annotation.

Our study has several important limitations. First, the
provision of instant feedback during the contest likely im-
proved participant performance over time through learn-
ing effects.***” Although we split the data into calibration
and test sets, participants in the test set continued to be
exposed to the correct answers, which may have further re-
inforced these learning effects. Although our mixed-effects
model attempted to control for this factor, we cannot fully
assess crowd performance without the influence of that
feedback. Second, we did not investigate how question dif-
ficulty influenced crowd performance; excluding challeng-
ing questions (those with divided expert opinions) could
help but might undermine crowdsourcing's purpose of
handling varying difficulty levels. Third, our study design
limited participants to six forced choices among common
SRPP patterns, not the full spectrum of possibilities, and
additional pattern classes could affect crowd performance
in unknown ways. Future studies should investigate crowd
performance on additional or more granular EEG pattern
categories to better understand and potentially improve
classification in the ‘Other’ category. For example, accu-
rate identification of non-SRPP patterns and normal EEG
recordings is essential. Without reliable identification of
these patterns, SRPP subtype classification alone offers
limited clinical benefits. Fourth, the data present a limited
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EEG sample, which is not reflective of actual clinical set-
tings, especially in the critical care unit, where extended
monitoring offers the opportunity to better elucidate pat-
terns as they develop over time. Fifth, individual crowd re-
viewers received different calibration and test splits, which
diverge from how a fully implemented system would func-
tion without gold-standard annotations. Demonstrating
the feasibility of crowdsourcing under these real-world
constraints, such as ensuring consistent data partitioning
and validating performance without gold standard labels
for the entire dataset, should be addressed in future work to
translate this approach beyond the research setting. Sixth,
one might question whether these “gold standard” labels
truly represent a gold standard, since it is based solely on
EEG consensus, despite poor agreement even among gold
standard experts. Demanding very high consensus among
experts could, in fact, restrict the range of EEG findings
included in a contest like this. Although crowd-based and
expert-based approaches might yield similar consensus re-
sults, simply increasing the number of raters will not elim-
inate inherent bias in how the gold standard is defined.
In a related publication, we examined interrater reliabil-
ity among 30 experts and found that expert disagreement
is driven primarily by differences in decision thresholds
rather than a complete lack of shared understanding.’ That
study revealed substantial variability in expert ratings—
which contributes to diagnostic inconsistency—but also
demonstrated strong underlying agreement when receiver-
operating characteristic and precision-recall curves were
evaluated. This indicates that the consensus (our gold stan-
dard) reflects a common interpretation of EEG patterns,
even if decision thresholds differ. Although this approach
does not fully remove the inherent bias in the consensus, it
provides a rationale for using the gold standard as a bench-
mark. Ideally, an external clinical outcome metric—such
as a risk gradient for future seizures—would be necessary
to validate the clinical significance of the EEG findings.
However, because such an external standard has not yet
been established in the literature, it is beyond the scope of
our work to incorporate this level of validation. Finally, our
study's generalizability may be limited by the use of EEG
data from a single institution.

5 | CONCLUSION

On average, experts outperformed the crowd in over-
all SRPP detection. However, using weighted majority
votes, the crowd matched or exceeded experts accuracy
in identifying most SRPPs, except for LPDs and “Other.”
Our study is a proof-of-concept investigation that demon-
strated crowdsourcing as a feasible and scalable approach

to obtaining expert-level annotations of certain SRPPs.
We highlighted the promise of crowd reviewers while ac-
knowledging that challenges, such as varying calibration/
test splits across crowd participants in the study and the
absence of gold standard labels in the real-world settings,
remain to be addressed.
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