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Abstract

BACKGROUND: Epileptiform discharges, or spikes, within electroencephalogram (EEG)
recordings are essential for diagnosing epilepsy and localizing seizure origins. Atrtificial
intelligence (Al) offers a promising approach to automating detection, but current models are
often hindered by artifact-related false positives and often target either event- or EEG-level
classification, thus limiting clinical utility.

METHODS: We developed SpikeNet2, a deep-learning model based on a residual network
architecture, and enhanced it with hard-negative mining to reduce false positives. Our study
analyzed 17,812 EEG recordings from 13,523 patients across multiple institutions, including
Massachusetts General Brigham (MGB) hospitals. Data from the Human Epilepsy Project (HEP)
and SCORE-AI (SAl) were also included. A total of 32,433 event-level samples, labeled by
experts, were used for training and evaluation. Performance was assessed using the area under
the receiver operating characteristic curve (AUROC), the area under the precision—recall curve
(AUPRC), calibration error, and a modified area under the curve (mAUC) metric. The model’'s
generalizability was evaluated using external datasets.

RESULTS: SpikeNet2 demonstrated strong performance in event-level spike detection, achieving
an AUROC of 0.973 and an AUPRC of 0.995, with 44% of experts surpassing the model on the
MGB dataset. In external validation, the model achieved an AUROC of 0.942 and an AUPRC of
0.948 on the HEP dataset. For EEG-level classification, SpikeNet2 recorded an AUROC of 0.958
and an AUPRC of 0.959 on the MGB dataset, an AUROC of 0.888 and an AUPRC of 0.823 on the
HEP dataset, and an AUROC of 0.995 and an AUPRC of 0.991 on the SAI dataset, with 32% of
experts outperforming the model. The false-positive rate was reduced to an average of nine spikes
per hour.
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CONCLUSIONS: SpikeNet2 offers expert-level accuracy in both event-level spike detection and
EEG-level classification, while significantly reducing false positives. Its dual functionality and
robust performance across diverse datasets make it a promising tool for clinical and telemedicine
applications, particularly in resource-limited settings. (Funded by the National Institutes of Health
and others.)

Introduction

Electroencephalography (EEG) is the primary diagnostic tool for evaluating patients

with suspected epilepdy3 Epileptiform discharges, characterized by distinctive spiky

or sharp wave morphologiéserve as fundamental biomarkers of epilepsy and cortical
hyperexcitability> These discharges, commonly referred to as spikes, can manifest
sporadically (interictal epileptiform discharges), in periodic patterns, or as components of
more complex EEG patterns, such as seizures. In clinical practice, the detection of spikes
relies on visual interpretation of EEGs by physicians with specialized training in clinical
neurophysiology. These interpretations are crucial for making therapeutic decisions and
distinguishing epilepsy from other conditions that mimic seizfiRsspite the fact that
epilepsy affects over 70 million people globdliyy many parts of the world, EEGs are
interpreted by physicians without specialty traifiig— even in regions with adequate
general medical care — leading to frequent misinterpretations and misdiaghtses.

Recent studies have highlighted the importance of spikes beyond epilepsy diagnosis.
They serve as indicators of impending delayed cerebral ischemia after subarachnoid
hemorrhagé?2 markers for posttraumatic epilepsy riskand potential contributors to
cognitive deterioration in Alzheimer’s dised$eHowever, the clinical utility of these

findings is constrained by the need for expert manual interpretation of EEGs. Given the
increasing value of spike detection and the growing demand for EEG analysis, there is an
urgent need for accurate automated methods to detect $pikes.

Artificial intelligence (Al) has shown promise in improving epilepsy diagnosis accuracy,
providing EEG interpretations where specialized expertise is unavailable, and extending the
reach of existing neurologisté-1° Two notable large-scale studies on spike detection have
resulted in the models SpikeNet1l and SCORE-AI (S8%} However, these models address
limited aspects of spike detection in isolation.

EEG interpretation for spikes involves two distinct but related tasks: event-level detection
(identifying individual spike events) and EEG-level classification (determining whether or

not an EEG contains spikes). SpikeNet1, developed using 9571 EEGs, achieved expert-level
performance in event-level spike detection on its internal test set. However, it was not
evaluated on continuous EEG recordings, which increases the likelihood of false positives,
and its EEG-level classification capabilities were limf8&CORE-AI, trained on 30,493

EEGs labeled at the EEG-level, demonstrated expert-level performance for EEG-level
classification but did not address event-level spike dete€tidn.date, to our knowledge,

no Al model has rigorously demonstrated expert-level spike detection at both event and EEG
levels. Moreover, existing methods often lack multicenter training and validation, limiting
their demonstrated generalizabif§/For instance, SpikeNet1 lacked external validation
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across multiple centers, while SCORE-AI's training and evaluation were limited to routine
EEGs, excluding recordings from critically ill patients.

To address these limitations, we developed SpikeNet2, a residual network (ResNet)-based
deep-learning spike-detection model using both event- and EEG-level classification. We
implemented a hard-negative mining approach to extract challenging negative training
examples from spike-free EEG recordings, significantly reducing false pogtiFes.EEG-

level classification, we developed a linear model combining spike-detection probabilities
with EEG features, providing a comprehensive epileptiform activity analysis.

We validated SpikeNet2 using a large, multicenter dataset of EEG recordings from patients
with and without spikes. Events were independently labeled by 24 expert neurologists,
creating, to our knowledge, the largest set of spike samples labeled by multiple experts to
date. We also conducted external validation using datasets from the Human Epilepsy Project
(HEP) and SAI to assess the model’'s generalizability across different clinical environments.
This rigorous clinical validation of SpikeNet2 used independent test datasets for both event-
level and EEG-level classification, and compared SpikeNet2's performance with that of
human experts, benchmarked against previously published Al models. Our goal was to
demonstrate a model with expert-level performance across levels and datasets.

An overview of the study is provided in Figure S1 in the Supplementary Appendix.

DESIGN, SETTING, AND PARTICIPANTS

We gathered 17,812 electroencephalograms (EEGs) from 13,523 patients. Model
development and validation data characteristics are summarized in Tables 1 and 2 and Table
S1. Data sources were:

. Massachusetts General Brigham (MGB) hospitals (17,524 EEGs from 13,235
patients, collected from Massachusetts General Hospital and Brigham and
Women'’s Hospital)

. HEP (188 EEGs, each from a unique patient)
. SAl (100 EEGs, each from a unique patient)

MAIN OUTCOMES AND METRICS

Statistical performance was assessed via the area under the receiver operating characteristic
curve (AUROC), area under the precision—recall curve (AUPRC), calibration error (Brier
score), and the area under a modified receiver operating characteristic curve (mAUC) metric
designed to measure sensitivity versus the number of false positives per hour. In addition,
two external validation datasets, comprising EEGs from multiple hospitals, including those
from HEP and SAl, were used to assess the model’s generalizability.
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DEVELOPMENT OF THE Al MODEL

Expert Labels: MGB Dataset Event-level labeling of spikes and nonspike events selected
from the 17,524 MGB EEGs was performed by 24 experts from 18 different institutions.

We selected 32,433 events from 2601 patients’ EEGs for labeling, using methods described
previouslyl’ Eight of the experts were involved in labeling data for SpikeRie&hd 16

were newly recruited for the current project. Each sample was shown to experts within a
15-second window of the surrounding EEG to provide context, mirroring how EEGs are
reviewed in clinical practice. The number of votes received per event ranged from 1 to 23,
with a median of 4 votes.

TRAINING DATA

Event-Level Classification: We divided the 32,433 multiexpert-labeled MGB events into
development data and holdout test sets in a ratio of 9:1. This yielded 29,333 labeled events
from 2499 patients for model development. We created two additional subsets from the
MGB EEGs to use in model development.

. Weakly labeled samples, comprising 708,877 events from 13,184 EEGs and
9482 patients, were used as additional training samples. These included:

. Samples not labeled by any expert but morphologically similar to labeled spikes
based on clusterintf: and

. Epileptiform discharges extracted from samples labeled in prior %k,
occurring within periodic discharges (lateralized and generalized).

. Negative EEGs and hard-negative—mined samples. We identified EEGs from
4456 unique patients whose EEG reports indicated that no spikes were present.
We extracted 52,836 nonspike events from 3988 patients through hard-negative
mining, a process of identifying challenging negative training samples. The
remaining 468 EEGs were used as a holdout test set in calculating the false-
positive rate for mAUCSs.

EEG-Level Classification: For training the EEG-level classifier, we prepared a set of
4087 patients’ EEGs from MGB, with 708 positive EEGs (containing spikes) and 3379
negative EEGs (no spikes) based on experts’ consensus and EEG reports.

A detailed Consolidated Standards of Reporting Trials (CONSORT)-like flow diagram
illustrating the data splits is shown in Figure 1. In the development and training of the
model, the same EEG may be used across different phases. For example, a single negative
EEG can contribute both to hard mining events and to the EEG-level control cases. As a
result, the total number of EEGs or patients is smaller than the sum of those from each
individual phase. In other words, patients and EEGs may overlap across different training
phases during model development. Nevertheless, there is strictly no overlap between the
training and test sets. For a more detailed description of the process for allocating the data
for model development and testing at the patient level, event level, and EEG level, see
Supplementary Appendix, Section 1.0.
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MODEL TRAINING FOR EVENT-LEVEL CLASSIFICATION

We preprocessed 19-channel referential EEG signals by resampling to 128 Hz and
converting them into both 18-channel bipolar and 19-channel common average references,
resulting in a 37-channel input. This allowed the model to access both local and global
spatial information. EEGs were segmented into 1-second windows (37x128 matrices),
suitable for temporal and spatial feature extraction. To improve model generalization and
robustness, we applied data-augmentation techniques during training: channel flipping
(mirroring hemispheres), cutting (removing segments), and jittering (adding noise). These
augmentations were applied only during training. EEG amplitudes were normalized based
on the 95th percentile to reduce the influence of outliers and stabilize tratniviy.

then trained a convolutional neural network based on a ResNet architecture, incorporating
bottleneck residual blocks and channel-wise attention mechanisms (Fi§25Zhese

design choices allowed the model to focus on salient features while controlling complexity.
Shortcut connections were included to preserve gradient flow. Given the severe class
imbalance between spike and nonspike samples, we used the focal loss function to focus
the model on complex examples during trairffg.

Hard-Negative Mining: High false-positive rates are a key limitation for clinical adoption

of spike detectors. Our previous model, SpikeNet1, trained on negative EEG segments, did
not explicitly identify hard negatives — nonspike patterns resembling spikes. To address
this, we implemented hard-negative mining as shown in Figure 2. We first trained a model
(SpikeNet2a) on the labeled dataset. We then applied this model to a large set of control
EEGs that contained no spike events (as confirmed by clinical reports). We segmented
these EEGs using a 1-second window and 0.25-second stride. Any segment for which

the model output exceeded a threshold was considered a false positive and labeled as a
negative samplé? In the first round, we used a threshold of 0.8 to capture high-confidence
false positives. These were added to the training set, and the model was retrained. In
subsequent rounds, we progressively lowered the threshold, increasing the diversity of hard
negatives. After 11 rounds of this process, we collected 52,836 hard-negative samples. The
resulting model, trained with these hard negatives, is referred to as SpikeNet2b, or simply
SpikeNet2. This iterative process improved the model’s ability to suppress artifact-induced
false positives while preserving sensitivity to true spikes. Performance improvements are
shown in Figure S3.

MODEL TRAINING FOR EEG-LEVEL CLASSIFICATION

While detecting individual spikes is important, clinical interpretation requires determining
whether or not the EEG as a whole contains any spikes. To perform EEG-level classification,
we applied both SpikeNetl and SpikeNet2 to generate output probabilities across each

EEG recording. Using both models helped capture complementary patterns observed during
development. From each time series, we extracted 79 statistical features, including summary
statistics (mean, maximum, standard deviation, median, interquartile range), percentiles
(from 2.5th to 97.5th), area under the prediction curve, and spike rates at threshold levels
from 0.5 to 1 in 0.01 steps. We used these as input to a logistic-regression model with L1
regularization (also known as least absolute shrinkage and selection operator [LASSQ]).
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This simple but effective model allowed for interpretable integration of temporal-spike
evidence.

VALIDATION OF THE Al MODEL

Test Datasets: We validated SpikeNet2 using three independent datasets that were not
involved in model development. These datasets included both event-level and EEG-level
labels provided by clinical experts. All testing was conducted using a frozen model. Based
on sample-size calculations for ROC curve anaffs&sminimum of 60 EEGs was needed

to ensure high-confidence AUC estimates; all datasets exceeded this.

External Validation Dataset 1: SCORE-AL SAI?! includes 100 routine EEGs (excluding
intensive care unit EEGs) from 11 institutions (Table 2). Each EEG was labeled
independently by up to 14 blinded experts. EEGs were defined as: positive, greater than

or equal to 75% “yes” votes; negative, 0 “yes” votes; and ambiguous (in-between), excluded.
This yielded 65 EEGs (25 positive, 40 negative) for EEG-level validation. Event-level labels
were not available.

External Validation Dataset 2: Human Epilepsy ProjectHEP includes 143 EEGs from

adults with newly diagnosed focal epilepsy. Each EEG was reviewed by three experts.
Events were labeled positive if two or more experts voted yes, and ambiguous events

were excluded. Negative segments were randomly selected from regions without any expert
labels. In total, 3296 labeled events (1650 positive, 1646 negative) were included. EEG-level
consensus labels were also used.

Large Single-Center Test DatasefThis internal dataset includes 24,585 events, with the

test split containing 1671 events from 216 patients. Events were labeled positive with six or
more expert votes out of eight. For EEG-level testing, we used 1000 EEGs (500 positive,
500 negative) based on clinical EEG reports, which were reviewed by a fellow and attending
epileptologist. We also analyzed performance across subgroups including age, ethnicity,
spike localization (focal vs. generalized), and neurodevelopmental state (Supplementary
Appendix, Section 1.5).

Outcome MeasuresDiscrimination metrics: We evaluated model performance using
AUROC and AUPRC, and for event-level performance, we also computed mAUC, which
plots sensitivity against false positives per hour (FP/hour). This metric better reflects real-
world performance, especially on continuous EEG recordings in which nonspike activity
dominates. FP/hour was calculated using 468 spike-free EEGs.

Calibration metrics: Calibration assesses how well the predicted probabilities match actual
outcomes. We binned samples into five ranges (0 to 20%, 20 to 40%, 40 to 60%, 60 to

80%, and 80 to 100%) based on expert consensus and compared model predictions using
calibration curves and Brier scores. Lower Brier scores indicate better probabilistic accuracy.

Comparison with experts: SpikeNet2 was compared with human experts in terms of
discrimination and calibration. We used ROC and PR curves, comparing model performance
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to expert labels across multiple datasets. Specifically, we calculated the metric EOSN2 (the
percentage of experts who outperform SpikeNet2's ROC, PR, or calibration).

BENCHMARKING AGAINST PREVIOUSLY PUBLISHED Al MODELS

Results

We compared SpikeNet2 with previous models, including SpikeNet1, the SpikeNet2 without
hard-negative mining (SpikeNet2a), and SCORE-AI, to assess its performance relative to
other state-of-the-art systems. Performance metrics were reported with 95% confidence
intervals, derived through 10,000 rounds of bootstrapping, and are reported using the format:
X [Y to Z], with X being the real value and Y and Z being the lower and upper bounds of the
confidence interval, respectively.

DATASET CHARACTERISTICS

We analyzed 17,812 EEGs from 13,523 patients across three datasets. The primary dataset
from MGB hospitals included 17,524 EEGs from 13,235 patients, with ages ranging from

0 to 100 years (median, 53 years; interquartile range, 43 years); was 47% female; and

was recorded in outpatient (58%), epilepsy monitoring unit (6%), and long-term monitoring
(34%) settings. External validation was performed using the HEP dataset (188 outpatient
EEGSs) and the SCORE-AI dataset (100 EEGs from the epilepsy monitoring unit and
outpatient settings).

MODEL EVALUATION: EVENT-LEVEL CLASSIFICATION

SpikeNet2 was first evaluated for event-level spike classification on the MGB holdout test
set, as shown in Figure 3A to Figure 3C. SpikeNet2 achieved an AUROC of 0.973 (95%
confidence interval [Cl], 0.961 to 0.982) and an AUPRC of 0.995 (95% ClI, 0.993 to

0.997). By contrast, SpikeNet2 without hard-negative mining (SpikeNet2a) had an AUROC
of 0.888 (95% CI, 0.856 to 0.917) and an AUPRC of 0.976 (95% ClI, 0.966 to 0.984). The
previous best model, SpikeNet1, tested on the same data, achieved an AUROC of 0.760
(95% CI, 0.710 to 0.806) and an AUPRC of 0.929 (95% ClI, 0.907 to 0.950). SpikeNet2
surpassed the baseline models in discrimination, with DeLong'’s test P values of 4.9E-7

for SpikeNetl versus SpikeNet2a, 4.1E-14 for SpikeNetl1 versus SpikeNet2b, and 7.0E-7
for SpikeNet2a versus SpikeNet2b. The calibration error for SpikeNet2 was 0.02 (95% ClI,
0.01 to 0.03), outperforming SpikeNetl and SpikeNet2a. SpikeNet2 achieved a mAUC of
0.997 (95% CI, 0.994 to 0.998), as shown in Figure 3G. The mAUC initial SpikeNet2a was
0.967 (95% ClI, 0.961 to 0.973). SpikeNetl's mAUC was 0.990 (95% CI, 0.987 to 0.992).
SpikeNet2 outperformed both baseline models in calibration and false-positive measures.
Additional analyses for performance differences with age, ethnicity, spike localization, and
neurodevelopmental state show that, with the exception of a few subgroups with insufficient
samples to draw statistically significant conclusions, the model demonstrates comparable
performance across subgroups, with overlapping confidence intervals (see Supplementary
Appendix, Section S1.5, and Figs. S4A to 4H).
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SpikeNet2 also outperformed the majority of experts on all metrics, with 44% (95% ClI, 25
to 75) of experts’ operating points located above SpikeNet2’'s ROC curve, 6% (95% CI, 6 to
38) above SpikeNet2’s PR curve, and no experts (95% CI, 0 to 6) showed better calibration.

On the HEP external holdout dataset, SpikeNet2 achieved an AUROC of 0.942 (95% ClI,
0.933 to 0.950) and an AUPRC of 0.948 (95% ClI, 0.939 to 0.956), comparable to but
slightly underperforming SpikeNetl's AUROC of 0.979 (95% ClI, 0.975 to 0.983) and
AUPRC of 0.979 (95% CI, 0.974 to 0.983), as shown in Figure 3D and Figure 3E, with
DelLong’s test P values of 1.0E-98 for SpikeNet1 versus SpikeNet2a, 1.6E-23 for SpikeNetl
versus SpikeNet2b, and 1.4E-56 for SpikeNet2a versus SpikeNet2b. The calibration error for
SpikeNet2 was 0.065 (95% CI, 0.053 to 0.078), outperforming SpikeNetl and SpikeNet2a,
as shown in Figure 3F. Note that this result suggests that, consistent with our experience,
SpikeNetl in some cases provides information complementary to SpikeNet2 for event-

level spike classification. This observation motivated the use of both models as input to
SpikeNet2's EEG-level classification approach (Fig. S5). In addition, we report in Table S2
the false-positive rate and precision (positive predictive value) for each model, across each
dataset, at sensitivity (true-positive rate) values of 0.85, 0.90, and 0.95, respectively.

MODEL EVALUATION: EEG-LEVEL CLASSIFICATION

On EEG-level classification, on the internal holdout test set (MGB test dataset), SpikeNet2
achieved an AUROC of 0.958 (95% CI, 0.946 to 0.968) and an AUPRC of 0.959 (95%

Cl, 0.947 to 0.970), as shown in Figure 4A and Figure 4B. On the HEP external holdout
dataset, SpikeNet2 achieved an AUROC of 0.888 (95% CI, 0.829 to 0.941) and an AUPRC
of 0.823 (95% CI, 0.712 to 0.911), as shown in Figure 4C and Figure 4D. On the SAl
external holdout datasét,SpikeNet2 achieved an AUROC of 0.995 (95% Cl, 0.967 to 1)

and an AUPRC of 0.991 (95% CI, 0.931 to 1), indistinguishable from the SCORE-AI model,
with an AUROC of 0.997 (95% CI, 0.984 to 1) and an AUPRC of 0.995 (95% CI, 0.968

to 1). SpikeNet2 outperformed most experts across all metrics on the SAI dataset, with
32% (95% ClI, 0 to 78.6) of expert operating points exceeding SpikeNet2's ROC curve,

and 32.4% (95% CI, 0 to 78.6) surpassing its PR curve, as shown in Figure 4F and Figure
4E. Additional investigations into EEG-level classification and alternative choices for the
positive and negative cut-off thresholds are presented in Supplementary Appendix, Section
S1.6, and Figure S6 to Figure S9.

EXAMPLES OF SPIKE DETECTION

Examples of SpikeNet2’s capability to accurately recognize and localize spikes with a
variety of morphologies across different brain regions and in various clinical contexts are
shown in Figure S10 to Figure S20. Each example is from a unique patient. These figures
highlight SpikeNet2’s ability to precisely detect single events, not just classify whether a
whole EEG or a long period of EEG contains spikes. This temporal precision is important
for clinical applications that require identification of the onset and frequency of epileptiform
discharges and for tracking trends. The figures also illustrate how SpikeNet2 has learned to
ignore sharp transients that are normal EEG features, such as vertex waves (Figs. S19 and
S20). This discrimination between epileptiform and nonepileptiform sharp transients, as a
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result of the hard-negative mining process during training, helps account for the very low
rate of false positives (i.e., an excellent mAUC value) and enhances clinical utility.

Discussion

In this diagnostic accuracy study, we developed and validated a new Al-based spike-
detection model, SpikeNet2, which surpasses state-of-the-art systems in both event-level and
EEG-level classification of spikes. Our model dramatically reduces false positives for event-
level spike detection relative to comparators, while demonstrating expert-level performance
on both event- and EEG-level classification, offering a promising solution for clinical EEG
interpretation, especially in remote and underserved areas.

SpikeNet2 was trained and validated on a large-scale multi-institutional dataset representing
diverse demographic and geographic backgrounds, including patients from Europe, the
United States, and Africa. To reduce false positives, we implemented hard-negative mining
on long-term EEG data — a novel approach that distinguishes complex EEG patterns (e.g.,
wicket waves, vertex waves) and other benign variants from epileptiform dischaiges.

model achieved an average false-positive rate of nine spikes per hour of EEG at 90%
sensitivity, a large improvement over the previous state-of-the-art SpikéNEtis modest
false-positive rate enhances the model’s precision and minimizes the need for expert double-
checking, improving clinical utility in resource-limited settirigs.

Unlike some proprietary Al-based EEG tools, which do not publicly share training or
benchmarking data, both the code (GitHuibps://github.com/bdsp-core/SpikeNg&hd the

data (bdsp.io projechttps://bdsp.io/content/spikenet/Rfor SpikeNet2 are freely available,
facilitating reproducibility and benchmarking of future models. By fostering an open
ecosystem, we aim to promote scientific rigor, transparency, and accelerated development of
more accurate and robust Al tools for EEG analysis.

Model development was rigorously designed to address common EEG interpretation
errors. Twenty-four experts from 18 institutions annotated the EEG recordings, providing
robust labels for model training. Validation included a “fixed and frozen” approach —

no adjustments were made during external testing. SpikeNet2 was tested on diverse
datasets, including various EEG systems, and blinded analysis was performed to ensure
objective performance evaluation. External validation using multiple datasets (i.e., SAl,
HEP) confirmed generalizability.

One of SpikeNet2’s key innovations is its dual capability — event-level spike detection

and EEG-level classification — which provides a more comprehensive analysis than models
focused solely on one timescale. Event-level detection enables precise time localization of
epileptiform discharges, which is crucial for downstream analyses such as spike-morphology
studies32-34 |ocalization of seizure fod> and delayed cerebral ischemia risk trackipéit

the EEG level, SpikeNet2 provides an overall classification of the presence or absence of
epileptiform activity, a vital component of epilepsy diagnosis.

Our model demonstrated accuracy comparable to and exceeding most human experts. In
event-level spike detection, SpikeNet2 outperformed 56% of experts in terms of ROC
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curve positioning, and 6% of experts exceeded its PR curve performance. In EEG-level
classification, SpikeNet2 outperformed 68% of experts across multiple datasets. These
results demonstrate SpikeNet2’s potential to provide highly reliable EEG readings and
enhance diagnostic consistency in clinical settings, overcoming the problem of interrater
variability, a known challenge in EEG interpretation performed by human efgérts.

SpikeNet2 also addresses a critical challenge in spike detection in continuous EEG
monitoring: false positives. With a mAUC of 0.997 (95% ClI, 0.994 to 0.998) for event-

level detection, it significantly outperforms SpikeNetl (mAUC of 0.990 [95% ClI, 0.987 to
0.992]). The mAUC metric specifically measures sensitivity versus false positives per hour
of EEG, providing a more clinically relevant measure of event-level detection performance
for continuous monitoring. SpikeNet2 achieved an average false-positive rate of just 9
spikes per hour of EEG at 90% sensitivity, a substantial improvement on SpikeNet1, which
had a false-positive rate of 52 per hour at 90% sensitivity. This dramatic reduction in

false positives while maintaining high sensitivity enhances SpikeNet2’s clinical utility by
minimizing the need for expert review of detected events.

The model has some limitations. Although SpikeNet2 can detect EEG spikes, spikes

alone do not confirm epilepsy, nor does their absence rule it out — clinical context and
expert interpretation remain essential. SpikeNet2 does not currently address other important
aspects of EEG interpretation, such as seizure detection or the analysis of background
rhythms like alpha activity. Finally, while SpikeNet2 did not exhibit signs of differences

in performance across age, race, ethnicity, or developmental state, our datasets lacked
substantial representation of some key demographics, including Asian populations. Further
investigation is needed to assess generalizability.

Conclusion

SpikeNet2 is a comprehensive model capable of detecting epileptiform discharges at both
the event level and EEG level. Moreover, it was trained and validated on large-scale,
demographically diverse datasets. Its superior performance positions it as a valuable tool
in clinical practice, particularly in resource-limited settings. As Al advances, we anticipate
SpikeNet2's application in telemedicine, especially where experienced neurologists are
scarce. The model holds promise for real-time EEG monitoring and seizure diagnosis,
paving the way for its integration into clinical workflows. Future work will focus on
expanding its capabilities to address additional EEG features, further enhancing its utility in
clinical practice.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Event-Level Dataset

Development data set Internal test set Negative EEGs test set External HEP test set
790,615 Events 1671 Events 468 EEGs 3296 Events
11,526 Patients 216 Patients 468 Patients 51 Patients

Hard-mined Weakly

Multiexpert-

—

events labeled events labeled events
52,836 Events 708,877 Events 32,433 Events
3988 EEGs 13,184 EEGs 2859 EEGs 468 EEGs
3088 Patients 0482 Patients 2601 Patients 468 Patients

!

|

Data Source

17,524 EEGs
13,235 Patients

EEG-Level Dataset

!

Development data set
4087 EEGs
4087 Patients

:

Internal test set
1000 EEGs
1000 Patients

188 EEGs
188 Patients

100 EEGs
100 Patients

External HEP test set
143 EEGs
143 Patients

External SAl test set
65 EEGs
65 Patients

Figure 1. Data Used in Model Development and Validation.
Note that patients and electroencephalograms may overlap in different training phases

during model development, but there was strictly no intersection between training and
test sets. EEG denotes electroencephalogram; HEP, Human Epilepsy Project; MGB,
Massachusetts General Brigham; and SAI, SCORE-Atrtificial Intelligence.
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Figure 2. The Pipeline of Hard-Negative Mining.

EEG denotes electroencephalogram; and IED, interictal epileptiform discharges.
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Figure 3. Event-Level Spike-Classification Performance of SpikeNet2 Compared with

Benchmark Models.

Panel A shows the receiver operating characteristic (ROC) curve, Panel B the precision—
recall (PR) curve, and Panel C the calibration curve for the Massachusetts General
Brigham (MGB) test dataset, with 16 human raters’ operating points shown for comparison.
SpikeNet2 (SN2b) performance is color-coded in green, SpikeNetl (SN1) in blue, and
SpikeNet2 before hard-negative mining (SN2a) in red for comparison. Panel D shows the
ROC curve, Panel E the PR curve, and Panel F the calibration curve for SpikeNet2 and
comparators on the Human Epilepsy Project external validation dataset. Panel G shows a
modified ROC curve and Panel H a zoomed-in modified ROC curve on the MGB control
test dataset. Figures in parentheses denote 95% confidence intervals. AUC denotes area
under the curve; BS, Brier (calibration) score; EBSN2b, the percentage of experts who
outperform SN2b; FP, false positive; FPR, false-positive rate; HEP, Human Epilepsy Project;
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mAUC, normalized area under the modified receiver operating characteristic curve; MGB,
Massachusetts General Brigham; PPV, positive predictive value; SN1, SpikeNetl; SN2a,
SpikeNet2 without hard-negative mining; SN2b, SpikeNet2 with hard-negative mining; and
TPR, true-positive rate.
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Figure 4. EEG-Level Spike-Classification Performance of SpikeNet2 Compared with Benchmark
Models.

Panel A shows the receiver operating characteristic (ROC) curve and Panel B the precision—
recall (PR) curve of SpikeNet2 on the Massachusetts General Brigham test set. Panel C
shows the ROC curve, and Panel D shows the PR curve of SpikeNet2 on the Human
Epilepsy Project external validation dataset. Panel E shows the ROC curve, and Panel

F shows the PR curve of SpikeNet2 and the comparator model (SCORE-AI) on the
SCORE-AI external validation dataset, with operating points of 14 human raters shown
for comparison. Figures in parentheses denote 95% confidence intervals. AUC denotes
area under the curve; EBSN2, the percentage of experts who outperform SN2-EEG; FPR,
false-positive rate; HEP, Human Epilepsy Project; MGB, Massachusetts General Brigham;
PPV, positive predictive value; SAl, SCORE-Artificial Intelligence; SN2-EEG, SpikeNet2
for electroencephalography-level task; and TPR, true-positive rate.
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Cohort Characteristics of the Internal Massachusetts General Brigham Dataset.

Table 1.

Characteristic

0-1 month
1-3 months
3-6 months
6-12 months
1-10 years
10-20 years
20-30 years
30-40 years
40-50 years
50-60 years
60-70 years
70-80 years
8090 years
90-100 years
200 years
Unknown
Age — median (IQR)
Sex — no. of patients (%)
Female
Male

Unknown

Race — no. of patients (075)
White
Black/African American
Asian

Multiracial

Other raced

Unknown

Autism
Developmental delay
Other states

Unknown

Routineé®
EMU
LT™M

Unknown

Age group — no. of patients (%)

Neurodevelopmental state — no. of patients (%)

EEG setting — no. of EEGs (%)

N (%)

95 (0.72)

51 (0.39)

53 (0.40)

72 (0.54%)
1031 (7.79)
1160 (8.76)
1296 (9.79)
1085 (8.20)
1176 (8.89)
1762 (13.31)
2121 (16.03)
1774 (13.40)
1027 (7.76)
205 (1.55)

6 (0.05)

321 (2.43)
53 (43) years|

6242 (47)
6672 (50.4)
321 (2.4)

9556 (72)
805 (6)
441 (3)
117 (1)
786 (6)
1530 (12)

671 (5)
1318 (10)
11,113 (84)
558 (4)

10,202 (58)
1032 (6)
5977 (34)
313 (2)
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*
Demographic information is unavailable for the external Human Epilepsy Project dataset. EEG denotes electroencephalogram; EMU, epilepsy
monitoring unit; IQR, interquartile range; and LTM, long-term monitoring unit or intensive care unit.
TRace obtained via patient database.

Jt“Other races” include minority groups such as American Indian or Alaska Native, Native Hawaiian, Other Pacific Islander, and individuals

originally recorded as “Other race” in the database, for whom we have limited data access.

§Routine setting refers to the outpatient clinic.

NEJM Al Author manuscript; available in PMC 2025 July 20.



Page 22

Lietal.

Author Manuscript

‘¢ 3lqel

Author Manuscript

‘wresBojeydasusolios|e salousp 933
o

00T A 8¢
SS 6T 9T
0¢ L 9
S¢ T 9

0¢ ST feloL
1T 6 AemioN
€ 14 Jlewuaq
9 Z sajeis panun

[el0l  [ewlouqy  [ewloN

jewsouqy  [ewldoN  wiBuQ jo Anunod 933

N ‘(s1eaA 9%) ynpy

N ‘(sieaA 9T>) ourelpad

jesereq Iv-340DS [BUISIXT U} JO SONSUBIIRIBYD LOY0D

Author Manuscript

Author Manuscript

NEJM Al Author manuscript; available in PMC 2025 July 20.



	Abstract
	Introduction
	Methods
	DESIGN, SETTING, AND PARTICIPANTS
	MAIN OUTCOMES AND METRICS
	DEVELOPMENT OF THE AI MODEL
	Expert Labels

	TRAINING DATA
	Event-Level Classification
	EEG-Level Classification

	MODEL TRAINING FOR EVENT-LEVEL CLASSIFICATION
	Hard-Negative Mining

	MODEL TRAINING FOR EEG-LEVEL CLASSIFICATION
	VALIDATION OF THE AI MODEL
	Test Datasets
	External Validation Dataset 1: SCORE-AI.
	External Validation Dataset 2: Human Epilepsy Project.
	Large Single-Center Test Dataset.
	Outcome Measures.


	BENCHMARKING AGAINST PREVIOUSLY PUBLISHED AI MODELS

	Results
	DATASET CHARACTERISTICS
	MODEL EVALUATION: EVENT-LEVEL CLASSIFICATION
	MODEL EVALUATION: EEG-LEVEL CLASSIFICATION
	EXAMPLES OF SPIKE DETECTION

	Discussion
	Conclusion
	References
	Figure 1.
	Figure 2.
	Figure 3.
	Figure 4.
	Table 1.
	Table 2.

