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Summary

Background Electroencephalogram (EEG) interpretation is essential for neurological diagnosis, but expert inter-
pretation is limited globally, and existing AI methods address narrow tasks. This study aimed to develop and
externally validate a broadly applicable foundation model capable of expert-level performance across diverse EEG
tasks and clinical settings.

Methods In this multicentre study we developed a multidomain omnibus for reading and generalising over thorough
EEG interpretation (MORGOTH), a foundation model that supports broad clinical interpretation across all major
settings. We developed MORGOTH using EEGs from 18 677 patients across Massachusetts General Hospital,
Brigham and Women’s Hospital, Beth Israel Deaconess Medical Center, and Boston Children’s Hospital, collected
between Jan 1, 2003, and Feb 1, 2025, and validated it internally on 13 334 patients and externally on 1573 patients
from 48 institutions, spanning diverse clinical settings and ages (0 years to >90 years). Test datasets annotated by six
to 30 experts enabled inter-rater reliability (IRR) analysis by comparing model-expert and expert—expert agreement.
MORGOTH was compared against both human experts and state-of-the-art models using area under the curve
(AUC) and the percentage of experts’ operating points under the curve (EUC) for receiver operating characteristic
(ROC) and precision-recall curves, as well as IRR and statistical calibration.

Findings MORGOTH achieved expert-level performance with AUC-ROC scores of 0-86 to 0-98 across 17 EEG findings.
MORGOTH outperformed at least 90% of experts on three of seven multi-expert-annotated datasets and exceeded at
least 20% of experts on each of the 17 tasks. Event-level performance was especially strong for seizure and ictal-
interictal-injury continuum detection (EUC=96-6%) and spike detection (EUC=100%). IRR analysis showed that
MORGOTH matched or exceeded expert consensus. External validation confirmed consistent performance with
modest declines from internal to external test sets (event-level AUC -1-21%, EUC -3-33%; EEG-level AUC -2-12%,
and EUC -9-52%). MORGOTH performance also remained robust across age, sex, and moderate channel loss, with
lower age sensitivity (20-90% vs 30-90%) and fewer sex-related differences (33-33% vs 44-00%) than SPaRCNet.

Interpretation MORGOTH advances automated EEG interpretation with expert-level performance across clinical
settings, offering improved diagnostic accuracy in low-resource environments and greater efficiency in
high-volume centres.
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Introduction

Electroencephalography is a cornerstone diagnostic tool for
evaluating patients with neurological disorders.! When
interpreted by skilled clinicians, electroencephalograms
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(EEGs) provide crucial information that guides diagnosis
and therapeutic decision making.? Despite the prevalence
of conditions requiring EEG interpretation—with
epilepsy alone affecting more than 70 million people
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Research in context

Evidence before this study

We searched PubMed and arXiv using the following terms: (“EEG”
OR "“electroencephalogram”) AND (“artificial intelligence” OR
“deep learning” OR “automated interpretation” OR “foundation
model”). We reviewed studies published between Jan 1, 2015, and
July 1, 2025, without language restrictions. We included studies
that developed or validated machine learning, deep learning, or
foundation models for clinical electroencephalogram (EEG)
interpretation in any setting and excluded those focused solely on
non-clinical applications such as brain-computer interfaces or
emotion recognition. Existing models, such as SCORE-AI,
SPaRCNet, TEEGNet, SpikeNet, U-Sleep, and others, have
demonstrated strong performance within specific clinical
domains. However, to our knowledge, no previous study has
introduced a unified model capable of expert-level interpretation
across all major clinical contexts while supporting a broad
spectrum of clinically relevant tasks. Moreover, few previous
efforts have conducted external validation against multi-expert
annotations, particularly in comparison to inter-rater reliability,
a crucial benchmark for evaluating clinical utility.

Added value of this study

To our knowledge, this is the first study to present a foundation
model for EEGs that enables expert-level interpretation across all
major clinical settings (including routine outpatient clinics,

worldwide’—expertise in clinical EEG interpretation
remains scarce.* Most EEGs are interpreted by physicians
without specialised fellowship training,* and most hospitals
cannot provide real-time EEG monitoring in hospital or
inpatient settings. This expertise gap contributes to pre-
ventable harm, with EEG misinterpretation being the
leading cause of epilepsy overdiagnosis and misdiagnosis.®

Artificial intelligence (AI) has the potential to address
these unmet clinical needs by providing accurate EEG
interpretation where expertise is unavailable, reducing
expert workload, and improving diagnostic consistency.
However, existing AI approaches for EEG interpretation
have addressed only a limited number of EEG interpret-
ation tasks, typically focusing on a single finding or clinical
application. For example, SCORE-AT" focuses exclusively
on routine outpatient EEGs, SPaRCNet® targets only critical
care settings, SpikeNet® addresses only epileptiform dis-
charge detection, and U-Sleep*is used for sleep staging. No
previous work has simultaneously addressed all clinical
EEG settings and the full spectrum of clinically relevant
EEG patterns. Additionally, few studies have externally
validated these models, particularly regarding algorithm
performance assessment relative to expert inter-rater
reliability (IRR)."

Foundation models adaptable to diverse tasks have
gained attention, as shown by the success of large language
models. Inspired by the success of large language models,
EEG foundation models such as LaBraM,'? EEGFormer,"

epilepsy monitoring units, and critical care environments) while
supporting both event-level and EEG-level classification. The
model achieved state-of-the-art performance across 17 clinically
relevant EEG tasks. Its performance was benchmarked against
multi-expert annotations, demonstrating agreement comparable
with or exceeding expert consensus, and consistently
outperforming most human experts. Validation was conducted
on large and diverse datasets from 52 institutions in eight
countries, encompassing patients of all ages and EEG recordings
from routine, critical care, and sleep study settings. This
combination of broad task coverage, expert-level performance,
and strong generalisability represents a substantial advancement
over existing task-specific models.

Implications of all the available evidence

This study shows that a single foundation model can deliver
robust, expert-level EEG interpretation across the full range of
clinical contexts. This approach might improve access to
diagnostic-quality EEG interpretation in under-resourced settings,
reduce interpretation workload in high-volume centres, and
enable continuous monitoring in critical care environments. Our
results suggest that future clinical artificial intelligence systems
might benefit from unified foundation architectures, validated
against expert consensus across diverse populations and tasks, to
ensure safe and scalable deployment in real-world practice.

and BrainBERT" have emerged since 2023, leveraging
transformer architectures and self-supervised learning on
large-scale EEG data. However, these models have pri-
marily focused on non-clinical domains such as brain—
computer interfaces and emotion recognition, with
limited relevance to clinical EEG interpretation.

To address these limitations, we aimed to develop a
multidomain omnibus for reading and generalising over
thorough EEG interpretation (MORGOTH), a unified and
generalisable foundation model for comprehensive clinical
EEG interpretation across routine outpatient clinics, epi-
lepsy monitoring units, critical care environments, and
sleep laboratories. MORGOTH performs both event-level
detection and EEG-level interpretation within a single
architecture and supports a broad range of clinically rele-
vant EEG findings, including seizures, epileptiform dis-
charges, rhythmic and periodic patterns along the ictal-
interictal-injury continuum (IIIC), pathological slowing,
and sleep staging. We also aimed to benchmark the per-
formance of MORGOTH against expert interpretation and
IRR.

Methods

Study design and data sources

We developed the MORGOTH model to support the
clinical interpretation of EEGs across all major settings.
MORGOTH was developed and validated using EEG
datasets from diverse sources (figure 1, appendix p 2;
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Internal datasets
32011 patients

29011 EEG
3000 PSG

v

18677 patients

Development datasets

14500 HEEDB-Train

10851 HEEDB-Train
1940 IIIC-Train
4886 SN2-Train
1000 MGH-PSG-Train

y

8000 same patients

External datasets
1573 patients

143 HEP
100 SAIl
100 ON

8527 HEEDB-Test
758 1lIC-Test

208 SN2-Test
1000 MGH-PSG-Test
1000 BCH-PSG
1841 MoE-Internal

552 TUH-Test
69 UPenn
200 MASS
409 MoE-External

Pre-training datasets
14500 patients

Fine-tuning datasets
18677 patients

Internal validation datasets
13334 patients

External validation datasets
1573 patients

10 640 routine; 2668 ICU; 965 EMU; 1000 sleep laboratory

5666 routine; 5340 ICU; 612 EMU; 2269 sleep laboratory;

1020 not available

v

Single score
4000 normal
563 burst suppression
1067 focal slowing
4096 generalised slowing
694 spikes
1662 focal spike
2057 generalised spike
1507 seizure
548 LPD
1016 GPD
560 LRDA
1146 GRDA
375 BETS
579 POSTS
1118 spindles
111 wickets
1004 vertex wave
1192 PDR
1000 PSG awake
1000 PSG N1
1000 PSG N2
1000 PSG N3
1000 PSG REM

Multi-expert score
1446 spikes
925 seizure
498 LPD
425 GPD
440 LRDA
1018 GRDA

Single score
1000 normal
200 burst suppression
1000 focal slowing
1000 generalised slowing
959 spikes
1000 focal spike
1000 generalised spike
653 seizure
606 LPD
642 GPD
186 LRDA
536 GRDA
200 BETS
200 POSTS
1000 spindles
1000 wickets
1000 vertex wave
1000 PDR
2000 PSG 5 sleep stages

Multi-expert score
137 burst suppression
198 focal slowing
827 generalized slowing
100 focal spikes
43 generalized spikes
184 spikes

Single score
150 normal
33 slowing
36 spikes
43 seizure
81LPD
79 GPD
200 PSG awake
200 PSG N1
200 PSG N2
200 PSG N3
200 PSG REM

Multi-expert score
68 normal
234 focal slowing
1196 generalised slowing
42 burst suppression
338 spikes
42 focal spike
65 generalised spike
44 seizure
83LPD
107 GPD
5 GRDA
3 awake
1N2
69 PSG awake
69 PSG N1
69 PSG N2
69 PSGN3
69 PSG REM

Figure 1: Dataset partitioning consort diagram

The internal data was used to pretrain and fine tune the model, and the internal holdout datasets and external datasets were used to validate it. BCH-PSG=Boston

Children’s Hospital polysomnography dataset. BETS=benign epileptiform transients of sleep. EEG=electroencephalogram. EMU=epilepsy monitoring unit.

GPD=generalised periodic discharges. GRDA=generalised rhythmic delta activity. HEEDB=Harvard Electroencephalography Database. HEP=Human Epilepsy Project.

ICU=intensive care unit. llIC=ictal-interictal-injury continuum. LPD=lateralised periodic discharges. LRDA=lateralised rhythmic delta activity. MASS=Montreal Archive of
Sleep Studies. MGH-PSG=Massachusetts General Hospital polysomnography dataset. MoE=Map of Everything. N1=non-rapid eye movement sleep stage 1. N2=non-
rapid eye movement sleep stage 2. N3=non-rapid eye movement sleep stage 3. ON=Occasion Noise. PDR=posterior dominant rhythm. POSTS=positive occipital sharp
transients of sleep. PSG=polysomnography. REM=rapid eye movement sleep. SAI=SCORE-AI. SN2=SpikeNet 2. TUH=Temple University Hospital. UPenn=University of

Pennsylvania.
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Number Number Number of Number Number Female Age,years Ethnicity* Event EEG Routine Intensive  Epilepsy Sleep Findings||
of of experts that  of of EEGs labelst labelst outpatient care units§ monitoring laboratoriesql
hospitals experts labelled each  patients clinics§ units§

sample

Pre-training dataset

HEEDB- 4 4 1(1-3) 14500 14500 50% 49 (0-100)  63-51%; 7-92%; Yes Yes 7793 2942 765 0 All 17 findings
Pretrain** 0-14%; 2-88%;

0-04%; 0-91%;

5-65%
Fine-tuning datasets
HEEDB- 4 1 1(1-3) 10851 10851 49% 49 (0-100) 63-60%; 7:90%;  Yes Yes 6695 3064 591 0 All 17 findings
Train** 0-15%; 2-90%;

0-05%; 0-90%;

5:70%
MGH-PSG- 1 7 1(1-1) 1000 1000 50% 60 (2-94) 67-80%; 8-60%;  Yes Yes 0 0 0 1000 5 sleep stages
Traintt 0-05%; 2-10%;

0-01%; 0-60%;

4-80%
IC-Train 1 124 3 (1-30) 1940 1940 49% 54 (0-96)  69-20%; 8:50%;  Yes Yes 367 1295 243 0 Seizure and 4 lICs

0-08%; 2-10%;
0-01%; 0-55%;
4-40%
SN2-Train 2 24 8 (1-23) 4886 4886 49%  53(0-99)  72:75%; 9:20%;  Yes Yes 3578 899 131 0 1-second spike
0-05%; 1-80%;
0-01%; 0-35%;

3-65%
Internal validation datasets
HEEDB- 4 1 1(1-3) 8527 8527 51% 59 (0-100)  63:56%; 7-90%; Yes Yes 4464 3404 278 0 All 17 findings
Test** 0-15%; 2-90%;
0-10%; 0-90%;
5-69%
IIIC-Test 2 30 3 (1-30) 758 758 48%  60(0-95)  68-95%; 8:60%;  Yes Yes 135 565 45 0 Seizure and 4 llICs

0-09%; 2-15%;
0-02%; 0-48%;
4-55%
SN2-Test 2 24 8 (8-23) 208 208 48% 37 (0-96) 70-40%; 8:30%;  Yes Yes 127 64 17 0 1-second spike
0-06%; 1-95%;
0-01%; 0-42%;

4-15%
MGH-PSG- 1 7 1(1-1) 1000 1000 50% 59 (5-90) 69-50%; 8-:40%;  Yes Yes 0 0 0 1000 5 sleep stages
Testft 0-08%; 2-05%;
0-01%; 0-52%;
4-25%
BCH- 1 5 1(1-1) 1000 1000 50% 7 (0-35) 73:20%; 9-10%;  Yes Yes 0 0 0 1000 5 sleep stages
PSGTt 0-05%; 1-60%;
0-01%; 0-35%;
3-85%
MoE- 3 21 13 (10-19) 1841 2125 53% 54 (0-95) 82-30%; 8:10%;  Yes Yes 597 898 272 0 Slowing, burst suppression,
Internaltt 0-03%; 0-90%; spike location, seizure and
0-01%; 0-15%; 4 11ICs, awake, N1, and N2
2-50%

(Table continues on next page)
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See Online for appendix

For more on AdamW see
https://docs.pytorch.org/docs/
main/generated/torch.optim.
AdamW.html

For more on the Human
Epilepsy Project see https://
www.humanepilepsyproject.org
For more on TELEEEG see
https://www.teleeeg.org/

neurologists, and
specialists.

For multi-expert labelled datasets, we used soft labels
(expert vote distributions) to approximate class probabil-
ities and capture consensus. To address class imbalance
and sample difficulty, we applied focal loss® with curric-
ulum learning.” Training was optimised using AdamW
with learning rate scheduling and early stopping.
Additional training details in the appendix (p 12).

epileptologists, sleep medicine

Validation strategies

We validated MORGOTH using a comprehensive four-tier
approach. First, internal validation using holdout data
from HEEDB-Test, ITIIC-Test, SpikeNet 2-Test (SN2-Test),
Massachusetts General Hospital polysomnography test
(MGH-PSG-Test), and Boston Children’s Hospital poly-
somnography (BCH-PSG) datasets, with no patient over-
laps with training data (appendix p 7). Second, external
validation using six independent datasets from 48 institu-
tions, including the Human Epilepsy Project (HEP),
SCORE-AI (SAI),” Occasion Noise (ON), Temple Univer-
sity EEG Corpus (TUH),”" University of Pennsylvania
(UPenn),”> Montreal Archive of Sleep Studies (MASS),»
and TELEEEG datasets (appendix p 8). Third, IRR analysis,
using specialised multi-expert annotated datasets, includ-
ing the Map of Everything (MoE) dataset (21 experts), IIIC-
Test (30 experts), SN2-Test (24 experts), HEP (14 experts),
SAI (14 experts), ON (15 experts), and UPenn (six experts;
appendix p 9). Fourth, comparison against state-of-the-art
(SOTA) models, including SpikeNet 2° for spike detec-
tion; SPaRCNet® and the Kaggle competition winner* for
seizure and IIIC classification; U-Sleep™ for sleep staging; a
burst suppression detector; SCORE-AI® for EEG-level tasks;
and EEG foundation models (LaBraM,'? EEGFormer," and
BrainBERT") on TUH benchmarks (appendix p 19).

Statistical analysis

Model performance was evaluated using receiver operating
characteristic (ROC) and precision-recall (PR) curves. To
compare with experts, we computed experts’ operating
points under the curve (EUC),* which was the fraction of
expert operating points (ie, each expert’s sensitivity and
specificity or precision and recall pair) that lie below the
model’s ROC or PR curve, indicating the proportion of
experts the model outperforms across clinically relevant
thresholds. We calculated 95% ClIs using 10 000 bootstrap
iterations and considered differences significant when
their intervals did not overlap.

To assess reliability, we report IRR based on Cohen’s x,
comparing expert-expert and expert-model agreement
patterns.’? We evaluated statistical calibration by fitting
parametric models to derive a calibration index ranging
from -1 (maximal undercalling) to 1 (maximal overcalling).
We applied Platt scaling® and isotonic regression® to cali-
brate model outputs to better reflect true probabilities
(appendix p 20).
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(Figure 2 continues on next page)

Role of the funding source
The funder had no role in study design, data collection, data
analysis, data interpretation, or writing of the report.

Results
Figure 2A presents the overall results on both event-level
and EEG-level tasks, showing that MORGOTH matches
or exceeds expert and SOTA model performance across all
test datasets and tasks. Among tasks with baseline model
comparisons, MORGOTH achieved improved AUC values
for five out of seven tasks (spike detection, seizure and ITIC
classification, burst suppression detection, slowing
classification, and abnormal detection) and in EUC for
three out of seven tasks (spike detection, seizure and
IIIC classification, and burst suppression detection;
appendix p 50).

In internal validation (HEEDB-Test, IIIC-Test, SN2-Test,
MoE, MGH-PSG-Test, and BCH-Test), MORGOTH
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Figure 2: Performance on multi-expert scored validation datasets

(A) The overall performance of MORGOTH compared to state-of-the-art models or human experts at the event level (upper) and EEG level (lower). EEG-level sleep staging performances are not reported
here due to the absence of available baselines for comparison. The curve plots report AUC-ROC, EUC-ROC, AUC-PR, and EUC-PR for IIIC classification on internal lIC-Test dataset (seizure vs LPD vs GPD vs
LRDA vs GRDA versus other [seizure and IIIC free]; B), spike detection on internal SN2-Test dataset (C), sleep staging on external UPenn dataset (D), and five EEG-level tasks on external SAI dataset (E).
Dashed boxes highlight the results from EEG-level tasks; the others correspond to event-level tasks. MORGOTH is shown in blue, with baseline models in yellow and green: SPaRCNet and the Kaggle winner
(B), SpikeNet 2 (C), U-Sleep (D), and SAI (E). Expert performance is represented by grey dots. Shaded areas indicate 95% Cls from 10 000 bootstrap iterations, and expert results are marked with crosses.
AUC= area under the curve. EEG=electroencephalogram. EUC=experts’ operating points under the curve. GPD=generalised periodic discharges. GRDA=generalised rhythmic delta activity. lliC=ictal-
interictal-injury continuum. LPD=lateralised periodic discharges. LRDA=lateralised rhythmic delta activity. MORGOTH=multidomain omnibus for reading and generalising over thorough EEG
interpretation. N1=non-rapid eye movement sleep stage 1. N2=non-rapid eye movement sleep stage 2. N3=non-rapid eye movement sleep stage 3. PR=precision-recall. REM=rapid eye movement sleep.
ROC=receiver operating characteristic. SAI=SCORE-AI. SN2=SpikeNet 2. UPenn=University of Pennsylvania.
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A Experts

Consensus

Spikes

Average Cohen’s K

achieved an average AUC-ROC of 0-921 (95% CI
0-780-0-981) across seven event-level and 17 EEG-level
tasks, outperforming an average of 81-0% (46-9-100;
17 of 21) of experts on three multi-expert-annotated data-
sets. In external validation (HEP, ON, SAI, TUH, UPenn,
and MASS), MORGOTH achieved an average AUC-ROC of
0-908 (0-705-0-980) across seven event-level and eight EEG-
level tasks, outperforming an average of 50-8% (14-3-98.0;
18 of 35) of experts on four multi-expert-annotated datasets.
Subgroup analyses across age and sex showed that
MORGOTH exhibited greater robustness than baseline
models across demographic groups. For example, on the
ITIC-Test dataset, MORGOTH showed lower average age
sensitivity than SPaRCNet (20-90% vs 30-90%) and fewer
sex-related differences (33:33% vs 44-00% for SPaRCNet
and 48-00% for the Kaggle winner; appendix p 71).

Overall, we used 12 datasets from 34 602 patients across
52 hospitals in eight countries (appendix p 9).
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(Figure 3 continues on next page)

For development (figure 1), we used 18 677 EEGs from
18677 patients (51% male and 49% female; median
age 56 years [range 0 to >90]) across four hospitals
(Massachusetts General Hospital, Brigham and Women’s
Hospital, Beth Israel Deaconess Medical Center, and
Boston Children’s Hospital). Of these, 14 500 10-min EEGs
were used for self-supervised pretraining; 102442 expert-
labelled 10-s segments for fine-tuning the seven event-
level task heads; and 18 677 10-min EEGs for training the
17 EEG-level task heads.

For validation, we compared MORGOTH’s performance
against 11 different SOTA models. For internal validation,
we used 13 618 EEGs from 13 334 patients (51% male and
49% female; median age 59 years [range 0 to >90]), anno-
tated by one to 30 experts across the same four hospitals
described earlier. Ethnicity was reported as 63-51% White,
7-92% Black, 0-14% American Indian or Alaska Native,
2-88% Asian, 0-04% Native Hawaiian or Pacific Islander,
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Figure 3: Reliability analyses on multi-expert scored validation datasets

Agreement with experts (left) and agreement with consensus (right) on Internal I1IC-Test dataset (A), Internal SN2-Test dataset (B), External SAl dataset (C), and External
UPenn dataset (D). MORGOTH is represented by blue, with baseline models by yellow, orange, and green. U-Sleep requires one EEG channel and one electro-oculography
channel. Because the UPenn polysomnography dataset contains two EEG channels (C3 and C4) and one electro-oculography channel, U-Sleep was evaluated separately
using each EEG channel. The results from the C3 EEG channel are labelled U-Sleepl and the C4 channel are labelled U-Sleep2 (appendix p 20). Expert performance is
represented by grey bars. Error bars indicate 95% Cls from 10 000 bootstrap iterations. Agreement with experts (pairwise inter-rater reliability) analysis is limited to
experts who labelled at least 1000 samples in common per class for event-level tasks, and at least 30 patients in common per class for EEG level classes: IlIC-Test dataset
has 30 experts with 772 expert pairs, SN2-Test dataset has eight experts with 56 expert pairs, SAl dataset has 14 experts with 164 expert pairs, and UPenn dataset has six
experts with 30 expert pairs. EEG=electroencephalogram. GPD=generalised periodic discharges. GRDA=generalised rhythmic delta activity. lliC=ictal-interictal-injury
continuum. LPD=lateralised periodic discharges. LRDA=lateralised rhythmic delta activity. MORGOTH=multidomain omnibus for reading and generalising over thorough
EEG interpretation. N1=non-rapid eye movement sleep stage 1. N2=non-rapid eye movement sleep stage 2. N3=non-rapid eye movement sleep stage 3. REM=rapid eye
movement sleep. SAI=SCORE-AI. SN2=SpikeNet 2. UPenn=University of Pennsylvania. *The lower limit of the model’s 95% Cl exceeds the upper limit of the
expert-performance 95% Cl.
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0-91% Multiracial, and 5-65% Other. For external valid-
ation, we used seven datasets totalling 1800 EEGs from
1573 patients (51% male and 49% female; median age
45 years [range 0 to >90]) across 48 institutions. Within
each individual subset, only one EEG per patient was used
for evaluation to ensure the independence of samples
within that subset.

On internal test datasets with single-expert labels
(appendix p 24), MORGOTH achieved high accuracy with
AUC-ROC values of 0-86-0-98 for event-level tasks and
0-89-0-98 for EEG-level tasks across all detection categor-
ies. The average difference between training and test
accuracy was 2-75%, never exceeding 5%, indicating
minimal overfitting.

On external single-scored datasets (appendix p 26),
MORGOTH achieved AUC-ROC values of 0-883 (95% CI
0-881-0-885) on the Temple University Seizure Corpus,
0-729 (0-695-0-763) on the Temple University EEG Events
Corpus, 0-747 (0-715-0-779) on the Temple University
Slowing Corpus, and 0-902 (0-900-0-904) on the Temple
University Abnormal EEG Corpus. MORGOTH also out-
performed the baseline model U-Sleep by an average
AUC-ROC of 0-030 (0-022-0-038) on the MASS sleep
staging task.

On the MoE dataset (appendix p 27), MORGOTH out-
performed 81-0% (95% CI 46-9-100; 17 of 21) of experts
across 13 of 14 tasks. On the IIIC-Test set (figure 2B),
MORGOTH outperformed 96-6% (82-1-100; 29 of 30) of
experts, surpassing all in LPD, GPD, and LRDA and all
24 experts in spike detection on the SN2-Test set
(figure 2C).

On the MoE dataset (appendix p 27), MORGOTH ach-
ieved an average AUC-ROC of 0-945 (95% CI 0-925-0-962)
and AUC-PR of 0-803 (95% CI 0-731-0-860) across 14 cat-
egories, outperforming the automated burst suppression
detector by 0-084 and 0-428 (statistically significant),
respectively. On the ITIC-Test set (figure 2B), MORGOTH
reached an AUC-ROC of 0-990 (0-988-0-991) and AUC-PR
0f 0-940 (0-926-0-953), exceeding SPaRCNet by 0-041 and
0-168, respectively, and the Kaggle winner by 0-126 and
0-387, respectively. On the SN2-Test set (figure 2C),
MORGOTH outperformed SpikeNet 2 with perfect
AUC-ROC and AUC-PR of 1-00.

On the SAI dataset (figure 2E), MORGOTH out-
performed half of the experts, with an average EUC across
tasks of 50-62% (95% CI 24-16-77-14) for ROC and 53-50%
(26:36-77-58) for PR curves. On the ON dataset with
15 experts (appendix p 28), EUC-ROC was 43-8%
(14-3-78-6) and EUC-PR was 39-0% (8-9-75-0). For sleep
staging on the UPenn dataset with six experts (figure 2D),
EUC-ROC was 41-8% (36-7—46-7) and EUC-PR was 42-6%
(40-0—46-7). Despite a low AUC-PR (0-262 [0-248-0-278])
for Nl=non-rapid eye movement sleep stage 1 (N1),
MORGOTH still outperformed 52-7% of experts; for rapid
eye movement (REM) sleep (AUC-PR 0-857 [0-849-0-864]),
itdid not surpass any. From internal test to external test sets,
the event-level AUC dropped by 1-21% (0-00-3-94) and EUC

www.thelancet.com/digital-health Vol m m 2026

Individual probability

Individual probability

Individual probability

Individual probability

Kaggle 1st-67-9%

LPD

- Top-1 expert -0-2%
MORGOTH 1.5%

. Top-2 expert-2-7%
Kaggle 1st-31-5%
SPaRCNet -42-3%

LRDA
- Jop-lexpert-1-2%
MORGOTH -19-8%

Kaggle 1st-59-0%
SPaRCNet -63-0%

T T T T T T T T T T

Spikes
Top-1 expert-1-1%
MORGOTH 1-8%
Top-3 expert -4-6%
SpikeNet 2 14.7%

T T T T T T T T
O NI PP LN P

Group probability

T
O AR

< Top-15 expert-20-7% _|

— MORGOTH
Kaggle winner expert after MORGOTH
— SPaRCNet Remaining human experts
— Best-performing human
expert
1.0 1 N
0-8 } y B
4 Seizure 7
op-1 expert -0-8%
03 i ’/ MORGOTH-12:5%
7 « Top-19 expert-12-7% |
014 SPaRCNet -56-9% i

— Highest-performing human  Calibrated plot

—— Original MORGOTH outputs
— Calibrated MORGOTH outputs

Calibrated
seizure
Calibrated -0-3%
+Top-1 expert -0-8%
Original -12:5%

GPD

-Top-1 expert-0-3%
-MORGOTH -3-7%
-Top-6 expert -3-9%
Kaggle 15t-18-9%
SPaRCNet -34-2%

GRDA
Top-1 expert-0-3%

”/MORGOTH -8-8%
-Top-7 expert 9-0%
SPaRCNet-11-2%
Kaggle 1st-33-7%

—— MORGOTH
SpikeNet 2 expert after MORGOTH
—— Best-performing human Remaining human experts
expert
1.0 + 7

4
%

T T T T T T T T T T

— Highest-performing human  Calibrated plot

— Original MORGOTH outputs
— Calibrated MORGOTH outputs

“—

Calibrated
spikes
Top-1 expert-1-1%
Original 1-8%
Calibrated 2-0%

Q

T T T T T T T T T

T
Q.\QT»Q’,‘)Q.VQ%Q‘.O&\ > O .0

Group probability

(Figure 4 continues on next page)

11


http://www.thelancet.com/digital-health

Articles
— MORGOTH — Highest-performing human  Calibrated plot
SAl expert after MORGOTH — Original MORGOTH outputs
—— Best-performing human Remaining human experts  ___ calibrated MORGOTH outputs
expert
C
1.0 y e 1 e i
0.9 . - 4
.. 08 4 _ i
Z 07+ - - i
2 064 . . . /
5 05+ 7 7] . . Calibrated
_§ 0-4 Normal — Focal spike — -~ Generalised spike — Genperalised spike
= 03 Top-1expert-0-6% | SAI0-8% - / ’ Top/lexpert-10-6% | Top“1 expert -10-6%
2 024 MORGOTH-173% | Top-lexpert3:6% MORGOTH-21-8% | Calibrated -17-5%
014 SAI-23-4% | MORGOTH-15-6% SAI29.2% i Original -21.8%
o Top-6 expert-23-5% | Top-8 expert-21-1% | ., Top-7expert-29-3% | . Top-8 expert 29-3%
T T 1T 177 T T 7T T T T 1T 1T T T 1T 17T T T T 1T 1T T T 1T 17T T T 1T T 1 11117
1.0 - - . -
094 . - 4
> 08- 4 4 4
£ 07 - - -
_§ 064 - - -
8 05 - Calibrated - - Calibrated
_§ 0-4+ *" Focal slowing - Focal slowing - Generalised slowing Generalised slowing
= 034 Top-1 expert 6:0% . Top-1 expert 6:0% - Top-1 expert 0-6% - Top-1 expert 0-6%
2 024 MORGOTH-183% Calibrated -123% | SAI6-6% 4 Calibrated -12-4%
014 Top-6 expert-21.2% | 5 Top-4 expert13-1% | MORGOTH -29-9% i Top-4 expert 12:5%
od & . ) SAI-26-6% |~ . . Original -18-3% |~ Top-7 expert-33-6% | Original -29-9%
T T 1T 177 T T 7T T T T 1T T T T 1T 17T T T T 1T 1T T T 1T 17T T T 1T T 1 11117
Q 0.\ Qf\/ O’."; Q‘VQ% Qfo Qﬂ st 09 \/.0 Q D‘\’ Qﬂ/ B’h Q‘b(Q{O 050 Qf\ Q‘.b Q,O) \'Q N Q‘N Q’W/ Q’B Q,VQ?) Q‘b Qﬂ Q‘,b 0,0) N'Q Q 0.\ Qf\/ Q""’Q‘VQ% 0{0 Qﬂ ng 09 N‘D
Group probability Group probability Group probability Group probability
(Figure 4 continues on next page)
by 3-33% (0-00-33-33); at the EEG level, the AUC dropped with that of experts. Across the seven multi-expert-
by 2-12% (0-00-5-83) and EUC by 9-52% (0-00-75-00). annotated datasets, MORGOTH outperformed at least
On the SAI dataset (figure 2E), MORGOTH matched 90% of experts on three datasets (IIIC-Test, SN2-Test, and
SCORE-AI overall, slightly outperforming it on slowing MoE), outperformed 43 of 65 individual experts (66-2%
and spike tasks, and achieving similar performance on [95% CI 14-3-100-0]) overall, and exceeded at least 20% of
normal classification. MORGOTH outperformed 14 experts on every one of the 17 evaluated tasks, further
(50-0%) of 28 experts on average, compared with five demonstrating expert-level reliability across diverse EEG
(35-7%) of 14 for SCORE-AI. On the HEP dataset interpretation tasks. The calibration curves for MORGOTH
(appendix p 28), MORGOTH showed near-perfect event- and experts across multi-expert annotated datasets are in
level performance (AUC-ROC and AUC-PR: 0-999), sur- figure 4 and the appendix (p 29). MORGOTH achieved
passing SpikeNet 2 and leading at the EEG level as well. On  near-perfect calibration, with calibration indices between
the UPenn dataset (figure 2D), MORGOTH outperformed -20% and 20% in ten of 16 event-level tasks and four of five
U-Sleep in both AUC-ROC (0-930 [95% CI 0-927-0-933] vs  EEG-level tasks (0-1-19-8%), outperforming 40-0-96-7% of
0-917 [0-914-0-921]) and AUC-PR (0-739 [0-730-0-748] vs  experts and all baseline models. However, MORGOTH
0-706 [0-698-0-715]), despite U-Sleep using an additional ~undercalled generalised spikes, generalised slowing,
electro-oculography channel. awake, N1, N3, and REM at the EEG level. Post-calibration
Across multi-expert annotated datasets, MORGOTH improvements were observed for generalised spikes
consistently demonstrated expert-level reliability. On the (+4-3%) and slowing (+17-5%) using isotonic regression,
IIIC-Test set (figure 3A), it outperformed experts on all IRR  and for awake (+25-0%), N3 (+30-4%), and REM (+16-6%)
metrics, with a substantial lead for LPDs. On the MoE  using Platt scaling. N1 showed no improvement.
dataset (appendix p 30), MORGOTH showed substantial MORGOTH’s performance on representative EEGs
reliability for burst suppression and awake, fair for slowing  across tasks, including spike detection and seizure or IIIC
and seizures, and surpassed expert—expert k scores in all  classification are in the appendix (pp 36—49). The figures
but N1. On SN2-Test (figure 3B), MORGOTH achieved highlight MORGOTH’s ability to detect epileptiform dis-
moderate agreement with individual experts and near- charges, seizures, and rhythmic or periodic patterns while
perfect agreement with consensus. On the SAI dataset ignoring artifacts and benign variants.
(figure 3C), it matched expert reliability without substantial MORGOTH showed a more robust performance across
advantage. On the ON (appendix p 31) and UPenn age and sex subgroups than all baselines, with some find-
(figure 3D) datasets, MORGOTH showed IRR comparable ings such as spike detection being most stable and slowing
12 www.thelancet.com/digital-health Vol m = 2026
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Figure 4: Calibration curves on multi-expert scored validation datasets
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Type segments were assigned to one of the five probability bins 0-20%, 20-40%, 40-60%, 60-80%, and 80%-100% based on the proportion of experts who classified them into that category. (A) The
internal IlIC-Test dataset includes seizure, LPD, GPD, LRDA, and GRDA patterns with calibrations from 30 experts. (B) The internal SN2-Test dataset has spike detection calibration curves with 24 experts. (C)
The external SAl dataset covers normal, focal slowing, generalised slowing, focal spike, and generalised spike, with 14 experts’ calibration curves involved. (D) The external UPenn dataset includes awake, N1,
N2, N3, and REM sleep stages, along with calibration curves from six experts. The dashed diagonal lines indicate the lines of identity (y=x). EEG=electroencephalogram. GPD=generalised periodic discharges.
GRDA=generalised rhythmic delta activity. llIC=ictal-interictal-injury continuum. LPD=lateralised periodic discharges. LRDA=lateralised rhythmic delta activity. MORGOTH=multidomain omnibus for

reading and generalising over thorough EEG interpretation. N1=non-rapid eye movement sleep stage 1. N2=non-rapid eye movement sleep stage 2. N3=non-rapid eye movement sleep stage 3. REM=rapid
eye movement sleep. SAI=SCORE-Al. SN2=SpikeNet 2. UPenn=University of Pennsylvania.

detection showing greater variability among age groups
(appendix p 71).

We also evaluated MORGOTH on the TELEEEG dataset,
a global telemedicine platform for remote electro-
encephalogram interpretation, comprising 8099 EEGs
from 23 low-income and middle-income countries.
Although performance remained good (AUC-ROC >0-7 in
nine [75%)] of 12 tasks), some decline was observed, likely
due to missing channels and label noise, highlighting the
need for further expert review (appendix p 121).

MORGOTH was trained on 19 EEG channels but can
handle missing ones by imputing them with the mean of
available channels. Local features are more affected by
missing channels, and global patterns are more robust
(appendix p 126).

Discussion

MORGOTH is the first and most comprehensive Al system
to provide fully automated, comprehensive EEG interpret-
ation across all clinical settings. MORGOTH accepts raw
EEGs as input and performs automatic channel selection
and preprocessing, requiring no additional user interven-
tion, making it user-friendly for clinical implementation.
Unlike previous models®" that focus on specific contexts or
tasks, MORGOTH achieves expert-level performance on
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both event-level detection and EEG-level interpretation
across a wide range of clinically relevant patterns. Its strong
generalisability suggests potential to improve care in
low-resource settings and enhance efficiency in specialised
centres.”

Our methodologically rigorous development process
ensured robust performance and generalisability while
minimising biases. We developed MORGOTH using
diverse EEG data from multiple hospitals and validated it on
broad, multi-institutional external datasets across all clin-
ical settings. Expert-labelled test sets with six to 30 annota-
tions per EEG enabled blinded, automated comparison
to expert agreement, ensuring robust, generalisable
performance with minimal bias.

MORGOTH aids epilepsy diagnosis by detecting epi-
leptiform discharges and distinguishing focal from gener-
alised abnormalities, supporting appropriate treatment
decisions. In epilepsy monitoring units, MORGOTH
summarises long-term recordings and detects ictal and
interictal events for presurgical evaluation.’ In critical care,
MORGOTH identifies seizures and rhythmic and periodic
patterns, tracks discharge trends for early ischaemia
detection,? and monitors pattern evolution for post-cardiac
arrest prognosis,” matching expert performance. With
high specificity (95% for seizures, 92% for rhythmic
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patterns, and 99% for spikes), MORGOTH outperforms
previous models. The sleep staging capability of MOR-
GOTH further extends its use to sleep labs, enabling broad
application across clinical neurophysiology.

A key finding from our validation is the comprehensive
assessment of expert agreement across diverse EEG tasks
and settings, offering new insight into variability in clinical
interpretation. Unlike previous studies limited to specific
patterns or segments,*>'>* our analysis spanned multiple
recording types and revealed substantial variation by pat-
tern. Consistent with the Results, MORGOTH matched or
exceeded expert consensus, outperforming 66-2% of indi-
vidual experts across seven multi-expert-annotated data-
sets. This broad comparison marks a crucial step toward
establishing Al reliability for clinical use.

Despite its advances, MORGOTH has limitations. The
current model uses only the standard 19 EEG channels and
does not incorporate additional electromyography, electro-
oculography, or other polysomnography signals. Upcom-
ing versions will integrate these modalities to improve
MORGOTH’s performance on sleep-related tasks.
Although trained on a large dataset, the model might reflect
biases from tertiary epilepsy centres. MORGOTH does not
explicitly detect some normal variants or artifacts (eg,
breach rhythm and photoparoxysmal responses), which
even experts interpret variably; expert-curated data and
hard-example mining might help. The model distinguishes
focal versus generalised activity but does not distinguish
between finer localisation or seizure subtypes, which limits
presurgical utility. MORGOTH also does not use clinical
context (eg, treatment response) and currently focuses on
pattern recognition rather than outcome prediction such as
epilepsy risk or syndrome classification. Although the sleep
staging performance is promising, full polysomnography
integration and detection of arousals, apnoeas, and limb
movements remain future goals.

From an implementation perspective, MORGOTH is
being integrated with commercial EEG viewers and auto-
mated reporting, although not yet deployed. Aligned with
clinical guidelines, MORGOTH is designed to augment,
not replace, expert interpretation. MORGOTH 2 reflects
this approach by generating preliminary reports linked to
raw EEGs, allowing clinicians to review and edit before
finalisation. This approach preserves clinical oversight
while improving efficiency and consistency. Prospective
trials will be key to validating this human-AlI workflow for
regulatory use.

These capabilities are key goals for MORGOTH 2, as we
expand the foundation model toward its full potential in
predictive analytics and broader clinical use.

MORGOTH demonstrates expert-level performance in
automated EEG interpretation across all clinical settings,
simultaneously addressing a broad spectrum of clinically
relevant EEG patterns. The Al system could change
neurological care by improving access to high-quality
interpretation in resource-limited settings, enhancing
diagnostic accuracy where specialised training is limited,

increasing efficiency in high-volume centres, and enabling
continuous monitoring in critical care environments.*® As
the first Al system validated across the entire spectrum of
clinical neurophysiology applications, MORGOTH estab-
lishes a new standard for comprehensive, expert-level
automated EEG interpretation with broad implications for
improving neurological care globally.
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