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1. Datasets

As listed in Table 1, we curated a large EEG dataset, the Harvard Electroencephalography
Database (HEEDB)! for pre-training and fine-tuning the model. We utilized 7 external holdout
datasets to validate model performance. The data is divided into three parts: pretraining, finetuning,
and validation. A data partitioning consort diagram is shown in Figure 1. For model development
and training we utilized 12 (HEEDB, IIIC, SN2, MGH-PSG, BCH-PSG, MoE, TUH, MASS,
UPenn, SAI, ON, HEP) datasets from a total of 34,602 patients collected from 42 different
institutions in 8 countries and 3 continents (Figure S1A). Ground truth labels were contributed by
110 EEG experts from 62 different institutions in 11 countries and 4 continents (Figure S1B).
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1.1

Global Distribution of EEG Dataset Contributions
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Figure S1. Global distributions of (A) datasets and (B) scoring experts.

Pre-training dataset

The Harvard EEG Database (HEEDB): is a large-scale, cloud-based, research resource
currently comprising 284,341 EEGs from 109,177 patients across four Harvard-affiliated
hospitals — Massachusetts General Hospital (MGH), Brigham and Women’s Hospital
(BWH), Beth Israel Deaconess Medical Center (BIDMC), and Boston Children’s Hospital
(BCH). EEGs in HEEDB include routine outpatient EEGs (rEEG) for diagnostic test and
epilepsy management, continuous EEGs recorded in the acute care and ICU settings, and
EEGs recorded in Epilepsy Monitoring Units (EMUs).

From HEEDB, we selected one EEG from each of 15,000 unique patients across rEEG,
ICU, and EMU settings, and extracted 10-minute EEG data per patient, resulting in a
dataset of approximately 2,400 hours for model pre-training.
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We selected this subset following principles derived from our scaling law analysis>.
According to scaling laws, model size (number of parameters) and the required training
dataset size generally follow a sublinear relationship. Specifically, to maintain training
efficiency (i.e., achieve optimal performance under a fixed compute budget), the model
size N and dataset size D roughly satisfy: D o< N%73.Given the model size of 41 million
parameters (15.04 « 41%73), we aimed to balance dataset size with computational
efficiency and generalization capacity. Empirically, we found that using approximately 10-
minute EEG segments per patient — totaling around 14,000 patients — provided an
optimal volume of data for pre-training at this scale. This approach allowed us to maximize
the diversity across patients while avoiding excessive overfitting risks or unnecessary
computational burden. Altogether, this subset comprised roughly 2,333 hours of EEG data,
translating to approximately 16 million tokens, where each I-second single-channel
segment was treated as an individual token. This strategy ensured a robust representation
of EEG patterns across a wide range of clinical scenarios, which is critical for developing
a generalizable foundation model.

To maximize diversity in EEG findings, we pre-selected data using EEG reports, clinician
annotations, and other algorithmic methods, followed by expert validation. As illustrated
in Figure S2, the pretraining dataset encompasses a diverse range of sex, ages and EEG
findings.
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Figure S2. Characteristics of Model Development Datasets.
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1.2

1.2.1

Fine-tuning datasets

Fine-tuning also relied on data from HEEDB, and fine-tuning MORGOTH for downstream
tasks required a large volume of labeled training data. However, the EEG-related labels
available in hospital-acquired datasets are limited to EEG reports and clinician annotations.
EEG reports provide a global summary of the EEG without event-level localization, while
time-stamped annotations from clinicians within EEGs typically lack authoritative
validation. Therefore, a systematic labeling process is essential to construct a well-
annotated dataset that enables robust supervised learning.

As a start, we carefully prepared the fine-tuning dataset for MORGOTH from scratch. Our
fine-tuning dataset includes labels derived from EEG reports or clinician annotations, as
well as EEG events annotated by human experts. To minimize the effort required from
experts, we developed a structured labeling workflow that ranged from EEG report and
annotation preparation to algorithmic processing and, finally, expert validation. This
process resulted in the creation of the internal dataset, as summarized in Figure 1.
Additionally, for most tasks, the fine-tuning data included at least 2,000 patients, with
1,000 allocated for training and 1,000 for testing.

Fine-tuning data labeled via clinical care plus one additional expert
For the overall interpretation of EEG findings, we extracted information from the
impressions in the EEG reports using regular expressions to assign a label to each EEG as
either “normal” or “abnormal”.

For sleep staging (awake, N1, N2, N3, REM), we defined two tasks. The first task focuses
on distinguishing between the awake, N1, and N2 stages. Since most clinical EEGs lack
dedicated annotations for all five stages, labels for these three stages were inferred from
EEG annotations such as "awake," "drowsy" (indicating N1), and "sleep spindles"
(indicating N2). The second task classifies all five sleep stages, using expert-labeled
polysomnography (PSG) data from MGH?, where each recording was labeled by one of
seven sleep technicians and later edited by a board-certified sleep physician. However, the
PSG data is limited to six channels from the 10-20 system (F3, F4, C3, C4, Ol, and O2).
As a result, only these six EEG channels were used during fine-tuning for this task.

For background abnormalities, we utilized Medical LLaMA?® to screen EEG reports
applying a structured prompt: “Based on the medical context of neurology and EEG
analysis, does the following report indicate the presence of [finding] in the EEG? Respond
with yes, no, or not mentioned.” — this process provides an initial set of EEG-level labels.
We then refined the timing of the events of interest using time-stamped free-text EEG
annotations from clinicians. Furthermore, we utilized a previously validated automated
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burst suppression detector to identify segments that were highly likely to contain burst
suppression patterns. Finally, the extracted data were processed through our annotation
platform, where an expert (MBW) visually reviewed and assigned a final label to the EEG
samples, establishing the final ground truth.

For epileptiform abnormalities and rhythmic patterns, we followed the same procedure as
described above. After the initial screening of EEG reports and annotations, SpikeNet® and
SPaRCNet® were used to identify 1-second spike events and 10-second segments of seizure,
lateralized periodic discharges (LPD), generalized periodic discharges (GPD), lateralized
rhythmic delta activity (LRDA), and generalized rhythmic delta activity (GRDA), which
were then validated by one expert (MBW).

1.2.2 Fine-tuning data labeled by multiple experts

1.3

In addition, we incorporated the IIIC and SN2 datasets, both sourced from the HEEDB
database, as part of our internal datasets. These datasets contain labels from multiple
experts in prior studies”® and provide soft labels that proximate class probabilities. To
clarify subsequent testing tasks and distinguish between annotating experts, we divided the
HEEDB at the patient level into HEEDB-Train/Test, IIIC-Train/Test, and SN2-Train/Test
sets.

The IIIC dataset’ comprises 47,330 10-second EEG segments from 2,698 patients at
MGH (as part of the HEEDB dataset). These events were annotated by 124 experts, with
over 80% of seizure, LPD, GPD, LRDA, and GRDA labels (21,760 out of 26,365) assigned
by 2 to 23 experts. For model training, we extracted 28,465 segments from 1,940 patients
(49% female, median age 54 years, range 0 to 96), creating the IIIC-Train dataset.

The SN2 dataset®, a subset of HEEDB, comprises 64,476 one-second EEG segments from
5,049 patients at MGH and BWH. It is called “SN2” because it was used in the
development and testing of the model “SpikeNet 2.0”. The SN2 dataset includes 11,641
spike events annotated by at least 8 experts from a group of 24 experts, as well as 52,862
control/negative events labeled by at least one expert. For model training, we extracted
10,651 segments from 4,886 patients (49% female, median age 53 years, range 0 to 96),
creating the SN2-Train dataset.

Internal Holdout Validation datasets

To validate MORGOTH, we ensured that the internal holdout validation datasets had no patient-
level overlap with the training and fine-tuning datasets. Specifically, the internal holdout validation
dataset includes the HEEDB-Test, IIIC-Test, SN2-Test, and MGH-PSG-Test datasets.
Additionally, we incorporated the BCH-PSG dataset and data from MGH, BWH, and BIDMC
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within the MoE dataset. Among these, the IIIC-Test, SN2-Test, and MoE datasets feature multi-
expert scored labels.

1.4

The Map of Everything (MoE) dataset is a multi-expert annotated dataset designed for
comprehensive event-level evaluation. It includes 2,761 EEGs from 2,250 patients across
MGH, BWH, and BIDMC (considered part of the internal validation dataset), as well as
data from the International Cardiac Arrest Research Consortium Electroencephalography
(I-CARE)*!°, which covers ULB, UTW, and YNG (external datasets, but labeled in
conjunction with the rest of MoE). MoE spans 46 distinct EEG patterns, with 21 experts
contributing to the labeling process. Each event was verified by an average of 13 experts,
with a range of 10 to 19 experts per event.

External Validation datasets

We also incorporated seven additional external validation datasets, which allow for the evaluation

of one or more event-level or EEG-level tasks.

The Human Epilepsy Project (HEP) dataset is a 6-year, 29-site study of 18 to 60-year-
old patients with newly diagnosed focal epilepsy, containing 143 EEGs. Each EEG was
independently labeled by 3 out of 14 experts, who marked all detected spikes. Events with
at least 2 out of 3 “yes” votes were considered positive, while those with only 1 “yes” vote
were considered ambiguous and omitted. Since the three experts assigned were not the
same across all EEGs, it was not possible to plot individual expert points or calculate EUC

performance.

The Occasion Noise dataset is a multi-label dataset containing 100 EEGs from 100
patients, with EEG-level annotations from 18 experts. The data is sourced from Barnes-
Jewish Hospital (42 patients), Washington University in St. Louis (21 patients), Dallas
Veterans Affairs Medical Center (15 patients), University of Texas Southwestern Medical
Center (14 patients), and Louisiana State University (8 patients). The dataset includes
classifications for focal and generalized non-epileptiform abnormalities (such as focal and
generalized slowing), as well as focal and generalized epileptiform discharges.

The SAI dataset!! is the holdout set of the SCORE-AI model and includes 100 patients
from Haukeland University Hospital, the Danish Epilepsy Center, and Mayo Clinic. It
features EEG-level labels from 14 experts, including classifications for normal vs.
abnormal, epileptiform-focal (focal spikes), epileptiform-generalized (generalized spikes),
nonepileptiform-focal (focal slowing), and nonepileptiform-generalized (generalized
slowing). Event-level labels are not available in SAI dataset.




216 The Temple University EEG Corpus (TUH)'? is a widely used open-source dataset for

217 model evaluation. In this study, we focus on the TUAB, TUEYV, TUSL, and TUEP tasks.
218 Since the task definitions in TUH differ from ours, we retrained a MORGOTH head on the
219 TUH-designated training set to ensure a fair comparison with other models evaluated on
220 TUH. This approach enables us to assess the capabilities of the pre-trained base model and
221 compare its performance against existing EEG foundation models on TUH benchmarking
222 tasks.

223

224 The UPenn Dataset'® comprises 69 PSG recordings from 69 individuals, conducted in
225 clinical sleep lab settings. Each PSG was independently sleep-staged by 6 sleep technicians
226 from sleep labs at the University of Pennsylvania, St. Luke’s Hospital, and Stanford
227 University. In this study, we utilized only the 2 EEG channels.

228

229 The Montreal Archive of Sleep Studies (MASS) dataset'* is an open-access,
230 collaborative database containing laboratory-based PSG recordings from three sleep
231 laboratories. This cohort includes PSG data from 200 full-night recordings of 97 men and
232 103 women, aged 18 to 76 years (mean: 38.3 years, SD: 18.9 years). In this study, we
233 utilized only the 16 EEG channels.

234

235

236  Table S1. EEG Interpretation Tasks.

Event-level EEG -level
Interpretation EEG findings Event-level task ven e.w EEG-level task e.we
h Evaluation Evaluation
Overall Interpretation
Normal vs. abnormal Normal, abnormal Binary classification Binary 1 binary classification Binary
Sleep staging Awake, N1, N2, N3, REM 5-class classification One-vs-rest 5 binary classifications  Binary
Background
Slowing Focal slowing, generalized slowing 3-class classification One-vs-rest 2 binary classifications  Binary
Burst suppression Burst suppression Binary classification Binary 1 binary classification Binary
Epileptiform Abnormalities & Rhythmic Patterns
Spikes detection 10-second spike Binary classification Binary 1 binary classification Binary
Spike localization Focal spike, generalized spike 3-class classification One-vs-rest 2 binary classifications  Binary
Seizure and IIIC Seizure, LPD, GPD, LRDA, GRDA 6-class classification One-vs-rest 5 binary classifications  Binary

237
238  Table S2. EEG Findings for Model Development and Validation.

Internal Datasets External Datasets

HEEDB!' (Event-level; 1-3 expert) MoE (Event-level; 21 experts)

Class Train Test Class Evaluation




SN2? (1-second Event-level; 24 experts)

Occasion Noise (Event-level; 15 experts)

Total pre-training 14,500 --- Total 2,250(External 409)
Total fine-tuning 18,677 14,352 Burst suppression 179(42)
Normal 4,000 1,000 Focal slowing 200(2)
Abnormal 4,000 1,000 Generalized slowing 1,029(202)
Burst suppression 563 200 Focal spikes 102(2)
Focal slowing 1,067 1,000 Generalized spikes 72(29)
Generalized slowing 4,096 1,000 Spikes 174(31)
Spikes 694 959 Seizure 23(1)
Focal spikes 1,662 1,000 LPD 68(2)
Generalized spikes 2,057 1,000 GPD 54(28)
Seizure 1,507 653 LRDA 17(0)
LPD 548 606 GRDA 14(5)
GPD 1,061 642 Awake 301(3)
LRDA 560 186 Sleep N1 32(0)
GRDA 1,146 536 Sleep N2 106(1)
Awake 1,000 1,000 Sleep N3 0(0)
Sleep N1 1,000 1,000 REM 5(0)
BETS 375 200 Total 100
POSTS 579 200 Normal 68
Spindles 1,118 1,000 Focal slowing 21
Wickets 111 100 Generalized slowing 34
Vertex wave 1,004 1,000 Focal spikes 26
PDR 1,192 1,000 Generalized spikes 20

IIIC? (Event-level; 30 experts)

Total 4,886 208 Total 100
Spikes 1,466 41 Focal slowing 12
Spike-free 3,420 167 Generalized slowing 18
Spike segment 7,231 1,053 Focal spikes 15
None-spike segment 54,774 1,418 Generalized spikes 16

HEP (1-second event-level; 14 experts)

Total 1,819 743 Total 143
Seizure 925 347 Spikes 51
LPD 498 394 Spike-free 92
GPD 425 358 Spikes segment 1,650
LRDA 440 256 None-spike segment 1,646

1

(e}
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251
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253
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Others 1,218 608 Total 552
Seizure segment 11,647 5,283 Normal 150
LPD segment 4,138 3,950 Slowing 33
GPD segment 2,081 854 Spikes 36
LRDA segment 762 529 Seizure 43
GRDA segment 1,158 896 LPD 81
Others segment 8,679 7,353 GPD 79

MGH PSG (Event-level; 1expert) UPenn (Event-level; 6 expert)

W, N1, N2, N3, REM  [1,000 1,000 W, N1, N2, N3, REM 60 ]

BCH PSG (Event-level; 1expert) MASS (Event-level; 1 expert)
W, N1, N2, N3, REM ‘/ 1,000 W, N1, N2, N3, REM 200

The counts in table are based on the number of patients. The patients in the training, testing, and
evaluation sets are strictly non-overlapping. The model is not trained on external datasets but is directly
evaluated on them. In the internal dataset, the class labels are annotated at the event level, with 10-
segment events and 1-second spike events. 'HEEDB dataset are used for pre-training and fine-tuning, the
task-related features are used as the positive set while other features are used to construct the control set.
2SN2 dataset and IIIC dataset are derived from HEEDB. They are well-established datasets from
SpikeNet and SPaRCNet. Therefore, we present them separately for clarity and distinction. *TUH
evaluation includes 3 tasks: TUAB(Normal/Abnormal), TUSL(Seizure/Slowing/Background), and TUEV
(Spikes/GPD/LPD/Eye movement/Artifact/Background). For comparison with other models, we need to
train on the train set provided by the dataset and test on the test set.

Overall, for internal validation, we utilized 13,618 EEGs from 13,334 patients (51% male, 49%
female; median age 59 years with range: 0 to 90+ years) from four hospitals, annotated by 1-30
experts. For external validation, we used seven datasets comprising 1,800 EEGs from 1,573
patients (51% male, 49% female; median age 45 years with range: 0 to 90+ years) from 48 medical
institutions. Our test sets were divided into separate subsets. While different subsets might include
EEGs from the same patient, within each individual subset, only a single EEG per patient was used
for evaluation to ensure the independence of samples within that subset. For example, as shown in
Table 1, for the internal test sets (HEEDB-Test, IIIC-Test, SN2-Test, MGH-PSG-Test, and BCH-
PSG), the number of patients equals the number of EEGs, confirming that each patient contributes
only one EEG to the evaluation within each subset. The only exception is the MoE-Internal dataset,
where individual patients may have more than one EEG. However, this dataset was designed to
evaluate multiple distinct tasks, and for each task, we ensured that the evaluation was performed

at the patient level.

11
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2. Development of the AI Model

We develop the model to achieve 7 event-level tasks and 17 EEG-level tasks, as listed in Table S1.
The overall model structure is shown in Figure S3. It is an EEG foundation model, having a
tokenizer, an EEG Transformer, and multiple task heads. First, the tokenizer is trained using
contrastive learning and vector-quantized prediction. It converts continuous EEG signals into
discrete tokens and builds a code book (a set of unique vectors) for EEG tokens. Then, the EEG
Transformer is pre-trained through masked token prediction, allowing the model to capture both
temporal and spatial EEG features and to learn relationships among the tokens. Finally, we fine-
tune the model with added task heads on specific tasks using supervised learning strategies. The
event-level heads are directly connected to the original model for training, whereas EEG-level
heads are built and trained on the continuous outputs of the event-level predictions. The model
hyperparameters are shown in the Table S3.

12
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282

283

284  Table S3. Model Hyperparameters

Model Structure Hyperparameters Values
Tokenizer and VQ Pre-training
Input channels {1,8,8}
Output channels {8,8,8}
Convolution Encoder Kernal size {15,3,3}

Stride {8,1,1}
Padding {7,1,1}
Encoder layers 12

Decoder layers 3
Hidden size 200
MLP size 800

Transformer

13



Attention head number 10

Codebook Size 8192x64
Batch size 512
Learning rate [1e-5,5¢-5]

. Learning rate scheduler Cosine

Pre-training —
Optimizer AdamW £(0.9,0.99)
Weight decay 5e-5
Total/Warmup epoch 120/20

Transformer and masked EEG Pre-training

IConvolution Encoder

Layers

Encoder layers 12
SRR Hidden' size 200
MLP size 800
Attention head number 10
Batch size 512
Learning rate [1e-5,5¢e-4]
Learning rate scheduler Cosine
Optimizer AdamW £(0.9,0.98)
Weight decay Se-3
Pre-training Total/Warmup epoch 100/10
Data stride 500
Gradient clipping 3
Layer scale init 0.1
EMA weight 0.996
Mask ratio 0.5
Encoder layers 6
rransformer Hiddet? size 200
MLP size 800
Attention head number 10
Hidden size {256, 128, 56}
Fully connected layer
Layer number 3
Batch size 64
Learning rate [le-6,1e-4]
Learning rate scheduler Cosine
. . Optimizer AdamW £(0.9,1)
Fine-tuning :
Weight decay Se-2
Total/Warmup epoch 20/3
Drop path 0.1
Layer-wise learning rate decay 0.65

2

One EEG-level Task Head (A total of 17) and Downstream Fine-tuning

Input channels

{event class number*, 16}

Output channels

(16,32}




285
286

287

288
289
290
291
292
293
294
295
296
297
298
299
300

301

302
303
304
305
306
307
308

Kernal size {3,3}
Padding {10,3}
Positional Encoding Channels 15000 %32
Encoder layers 2
reansformer Hidder% size 64
MLP size {32,64}
Attention head number 4
Batch size 64
Learning rate [le-6,1e-4]
Learning rate scheduler Cosine
Fine-tuning Optimizer AdamW £(0.9,1)
Weight decay Se-2
Total/Warmup epoch 20/3
Dropout 0.1

* event class_number indicates the number of classes for the corresponding event-level task.

2.1 EEG Input

EEG signals can be represented as a matrix X € R*T where C denotes the number of EEG
channels and T represents the total number of signal points, determined by the recording duration
and sampling rate.

Most EEGs in our data included 19 channels (C = 19) based on the international 10-20 system:
Fpl, Fp2, F3, F4, C3, C4, P3, P4, F7, F8, T3, T4, TS, T6, O1, 02, Fz, Cz, Pz. Exceptions were
EEGs recorded as part of PSG, which contained a subset of just 6 channels (F3, F4, C3, C4, Ol,
02). All signals were resampled to 200 Hz, and band-pass filtered between 0.5 Hz and 70 Hz.
Additionally, notch filtering was applied at 50 Hz and 60 Hz to remove the power-line interference.
EEG signals are in microvolts (uV) and converted to common average montage. The signals were
clipped at +500 puV and normalized to a [-1, 1] range before being input into the model to reduce
artifacts.

Generally, each EEG can be segmented into L = lT_TWJ + 1 segments if the window-size is w and

the sliding-step is s. In our approach, w = 10s X 200Hz, an EEG X is first chunked into 10-
second 19-channel segments {X;}}_,, then a segment X; is patched into 10 non-overlapping 1-
second 1-channel patches{x;};23*°. Before feeding these patches into the Transformer module for
patch-wise interaction via self-attention, a temporal encoder'®, consisting of 1-D convolution
kernels, GELU activation, and a normalization layer, was employed to encode patches into
embeddings {h;}125*°. This encoding process captures temporal features, addressing the high

temporal resolution of EEG signals.
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2.2  EEG Tokenizer

The tokenizer in language models splits the input text into the smallest units that the model can
process (e.g., words, sub-words, or characters) and maps them to corresponding token IDs'®!7.
Inspired by this, several studies have applied a similar approach in Transformer-based EEG
models®>®°. The EEG tokenizer is trained prior to the pretraining of the EEG Transformer using a
self-supervised learning strategy based on Vector Quantization (VQ)!82°. The codebook contains
all tokens, where the VQ maps each patch representation to its nearest neighbor. In our approach,
the tokenizer consists of 12 Transformer encoder blocks with 10 attention head, and each EEG
token represents a patch e. After processing through the tokenizer, it is mapped to a vector v;
retrieved from the codebook V ={v; |i=1,...,K} € R¥*P where K is the number of discrete
vectors, and D represents the dimension. In Morgoth setting, K = 8192, D = 128. For the ith
token, the process of obtaining its quantized code can be formally expressed as z; =

arg min; ||el- -V || , where e; = f(h;) and f represents the function of tokenizer's network.
2

To train the VQ-based tokenizer, we use the Fourier spectrum prediction method, which enhances
training convergence, as direct reconstruction of raw EEG signals fails to converge in most
experiments!'®. The spectrum prediction method based on VQ trains the tokenizer network by
minimizing the discrepancy between the predicted amplitude A and phase ¢ regressed through a
regression layer after 3 Transformer decoders, where the ground-truth amplitude A and phase ¢
are obtained via the discrete Fourier transform?!. However, modeling only the amplitude and phase
may lead to the loss of essential EEG signal information. For example, it may overlook transient
features like spikes, slow waves, and rhythmic patterns, potentially causing spikes and some
benign spike-like waves to share the same quantized code. This issue also makes it challenging to
effectively activate all codes in a large codebook during training. Therefore, we incorporated
contrastive learning to differentiate waveform shapes??, using a loss that encourages similar
samples x, x to have closer representations e, e in the embedding space while pushing
dissimilar samples apart. We define a token x as the anchor instance. Its positives x* are the
augmented instances obtained by the jitter-and-scale and permutation-and-jitter strategies®>. Its
negatives x~ are from non-overlapping instances which do not have the same subsequence. Finally,
given an EEG dataset D = {X;}V ,, the VQ-based training loss, incorporating spectrum prediction
and contrastive learning, is formulated as:

b=, i“g — | +]18 - | 10 exp(ales e)
T X€D i IR IR gexp(a(ei,ef))+Z}3=16Xp(a(ei,eifj))

"+ Ik = sglv I

+|sg [e] - v,
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where G(e, et/ _) = % is used to calculate the similarity between two vectors through a

cosine similarity function sim with the temperature parameter t, and sg represents the stop-
gradient operation®’.

2.3  EEG Transformer

The tokenizer captures the signal characteristics of EEG patches but lacks their positional
information within the entire EEG sequence. This includes both temporal information in the
longitudinal time series and spatial information across channels. Therefore, in addition to the
classical Transformer’s temporal encoding TE = {te;};2,, we introduce a spatial encoding list
SE = {se;};2, to represent channel-specific information**. The patch embedding is transformed
into a concatenated representation concat(e;, te;, se;).

Subsequently, the sequence of embeddings is fed into the EEG Transformer having 12 encoder
blocks with 10 attention heads. We incorporate more encoder structures rather than decoder
structures, as encoders have demonstrated greater effectiveness for time series data in our
experiments and align with the time series scaling law?. The self-attention mechanism'®2¢ is

T
defined as Attention(Q,K,V) = softmax (LNSQ/;::;K)

dimension of each attention head in the multi-head attention mechanism, and LN denotes layer
normalization.

V) , where dpeqq represents the

Pre-training is crucial as it enables the model to learn rich representations from large-scale data,
improving generalization and downstream task performance. We employed self-supervised
masked modeling strategies’’” for pre-training the EEG foundation model. The masks
{m;},,m; € {0,1} were randomly generated for patch embeddings {e;}},. If m; = 1, the
corresponding embedding e; is replaced as a learnable vector e} € RP. The masked embeddings
e™ = (e}, U{e}NM are then processed through a Transformer encoder, which reconstructs
the missing patches by predicting their original representations. The model is trained to minimize

the reconstruction loss, defined as:
M

1 — 2
I L

i=1Mi £
where eTfT’[ = Linear(f(e™)) represents the predicted embedding of a token e; with m; = 1,
obtained by applying a linear transformation to the output hidden vector f(e’) from EEG
Transformer encoder. This objective encourages the model to recover meaningful EEG
representations from partial observations. The pretraining process is optimized using AdamW
optimizer?® with a learning rate scheduler and weight decay.
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2.4 Task Heads
Task heads include 7 event-level task heads and 17 EEG-level task heads. The number of heads
corresponds to the task types listed in Table 1 and differs between the two levels.

Specifically, the 7 event-level heads correspond to the following 7 tasks: normal vs. abnormal
classification, sleep staging, burst suppression detection, slowing classification, spikes detection,
spike localization, and seizure / I1IC classification. In each event-level task, a 10-second segment
is assigned to only one class. These tasks include multiple classification objectives with varying
output dimensions: normal vs. abnormal classification, burst suppression detection, and spikes
detection are binary classification tasks, where the output is the probability after applying a
sigmoid activation function; slowing classification and spike localization are both three-class
classification tasks, where the outputs are three-dimensional vectors obtained after applying the
softmax function. These vectors represent the probabilities for “others”, “focal slowing”, and
“generalized slowing” in slowing classification, and for “others”, “focal spike”, and “generalized
spike” in spike localization, respectively; seizure and IIIC classification are six-class classification
tasks, outputting six-dimensional vectors of probabilities for the classes: “others”, “seizure”,
“LPD”, “GPD”, “LRDA”, and “GRDA?’; sleep staging is a five-class classification task, with the
output being a five-dimensional vector representing the probabilities of “awake”, “N17, “N2”,
“N3”, and “REM”.

Unlike event-level tasks, all EEG-level tasks are binary classification tasks, as an entire EEG can
simultaneously contain multiple labels from an event-level task. Therefore, all findings involved
in event-level tasks are converted into separate binary classification tasks at the EEG level. Here,
we implement 17 EEG-level tasks. The input to the EEG-level heads consists of the continuous
outputs from the event-level heads, with the input dimensions determined by the number of classes
in the corresponding event-level tasks. For example, as shown in Figure 3, the input to the spikes
EEG-level head is a one-dimensional output from the spike detection event-level head, while the
inputs to the EEG-level heads for seizure, LPD, GPD, LRDA, and GRDA all come from the six-
dimensional output of the seizure and IIIC event-level head.

The event-level task-specific heads are directly built on top of the foundation model. We initialize
the model with pretrained weights from the tokenizer and EEG Transformer encoder modules.
During fine-tuning, only the last three Transformer encoder blocks and the linear classification
head are updated, while the earlier layers remain frozen. No masking is applied during this stage,
ensuring the model fully leverages the learned representations for downstream tasks. Among these
tasks, since spikes are typically transient waveforms occurring within a 1-second window,
shortening the segment length improves localization in continuous detection. Therefore, we
perform spike detection on 1-second segments, i.e., (w = 1s X 200Hz ), whereas all other tasks
are based on 10-second segments, as described previously, i.e., (w = 10s X 200Hz).
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EEG-level tasks require scanning the entire recording, which is impractical for Transformers due
to their quadratic computational complexity. For instance, processing a 1-hour EEG would
generate (19 X 60 X 60 = 68,400) tokens, whereas models like GPT-4 typically support an
input length of only 8,192 tokens (with some versions supporting up to 32K?°). This challenge
becomes more pronounced when dealing with 24-hour EEGs. Therefore, our EEG-level task-
specific heads are CNN-Transformer-based models independent of the foundation model. Their
input consists of the continuous event-level outputs for the entire EEG, processed with a sliding
step size of 1 second. Specifically, for an EEG recording of length L, the resulting sequence length

L
—-—10s
is given by {%' + 1. The number of channels corresponds to the number of event-level

classification tasks. The continuous event-level outputs pass through two convolutional layers and
pooling, reducing the sequence length by 30, with each patch representing a 30-second EEG
segment. A 2-layer Transformer block further processes the segments, yielding a binary

classification result for each class. We set the absolute positional encoding with a maximum length
15,000%30
60Xx60

of 15,000, allowing the model to support EEGs up to = 125 hours which can

accommodate all EEGs across our datasets.

Due to class imbalance and the varying complexity of EEG findings, we designed a training
strategy that combines a focal loss*® and curriculum learning?!*? to optimize the model for specific
tasks:

N C
1 y
Ly = _Nz Z acBi(1 = pic) yiclogpic + A(B; — 1)?

i=1c=1

where C is the number of classes, p; . is the softmax probability of class ¢ for sample i, and y; . is
the one-hot encoded ground truth. The weighting factor a,. addresses class imbalance with
Y.ca. = 1, while the focusing parameter y down-weights well-classified examples, emphasizing

harder samples. 3; is a coefficient of the loss for each sample i, which is learned via gradient

0Ly 0 e o )
descent 3; < 1 a_BH' % = L; > 0; this implies that hard-to-classify instances with larger £;
i i
result in a decrease in 3;. We initialize 3; = 1 and incorporate a regularization term to prevent

rapid decay to zero.

3. Baselines

We evaluated MORGOTH against state-of-the-art (SOTA) models for different tasks. At the
event-level, for spike detection, we compare MORGOTH with SpikeNet® on SN2 and HEP
datasets; for seizure and IIIC classification, we compare MORGOTH with SPaRCNet® and the
winning entry from the Kaggle “Harmful Brain Activity Classification” competition®*> on IIIC
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dataset; For burst suppression detection, we compare MORGOTH with a published burst
suppression detector’* on MoE dataset. For sleep staging, we compare MORGOTH with U-Sleep
model®>. In addition, U-Sleep requires a single EEG and a single EOG channel with arbitrary
standard electrode placement, while UPenn PSG dataset has two EEG channels (C3, C4) and one
EOG channel, so we compare MORGOTH with U-Sleep’s two results, referred to as U-Sleepl
and U-Sleep2. We also compare MORGOTH with other EEG foundation models LaBraM!®,
EEGFormer®¢, BrainBERT?” and EEG analysis baselines*®** on TUH dataset with four predefined
tasks for this dataset. At EEG level, we compared MORGOTH with SCORE-AI'! on normal vs.
abnormal, focal spike, generalized spike, focal slowing and generalized slowing tasks using SAI
dataset. To assess whether the model matches or exceeds human-expert performance, we also
compared MORGOTH’s performance against multiple experts.

4. Statistical Analyses

For evaluating the model accuracy, we report both Receiver Operating Characteristic (ROC) and
Precision-Recall (PR) curves. When comparing performance with a given expert, we compute
ROC and PR curves using the majority voting (excluding that expert’s votes, i.e., leave-one-expert-
out ground truth) as the ground truth.

ROC curves were generated by varying the decision threshold across the full range of predicted

probabilities (0 to 1). At each threshold, the true positive rate TPR = s ZPFN

and false positive

FP
rate FPR =
FP+TN

alarms. These points were then plotted to produce the ROC curve, providing a comprehensive view
of the model’s discrimination performance across all possible operating points. For multi-class
ROC analysis, we employed a one-vs-rest (OvR) strategy, treating each class as the positive class
against all others combined as the negative class. ROC curves and AUCs were computed for each
class individually and then averaged to provide an overall assessment of model performance across
all classes.

were calculated to capture the trade-off between sensitivity and the rate of false

PR curves were generated by varying the decision threshold across predicted probabilities. At each

. TP TP .
threshold, precision= and recall = were calculated to characterize the trade-off
TP + FP TP + FN

between positive predictive value and sensitivity. For multi-class problems, a one-vs-rest approach
was used, treating each class as positive against all others, with macro-averaged AUC-PR reported
to summarize overall performance. For multi-class PR analysis, we employed a one-vs-rest
strategy, treating each class as the positive class against all others combined as the negative class.
Precision and recall were computed across a range of decision thresholds to characterize the trade-
off between positive predictive value and sensitivity. PR curves were generated for each class, and
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the area under the precision-recall curve (AUC-PR) was macro-averaged to provide an overall
assessment of model performance across all classes.

Confusion Matrix for Binary Classification is:

Predicted Positive Predicted Negative
Actual Positive TP (True Positive) FN (False Negative)
Actual Negative FP (False Positive) | TN (True Negative)

For the classification evaluation methods used in each task, see Table S1. We employed binary
classification evaluation for the binary tasks (17 EEG-level tasks; event-level abnormal detection,
burst suppression detection, and spike detection). For multi-class tasks (event-level sleep staging,
slowing detection, spike localization, and IIIC classification), we used a one-vs-rest approach,
evaluating each feature or class separately. Overall performance for these multi-class tasks was
then summarized by averaging the results across all classes.

We also calculate the Experts Under the Curve (EUC) metric, the percentage of experts' ROC or
PR operating points that that fall below the model’s corresponding curve. EUC measures the
degree to which a model matches or exceeds expert performance. For all performance metrics, we
calculated 95% confidence intervals (Cls) and p-values through 10,000 rounds of bootstrapping.
Specifically, we computed the Experts Under the Curve (EUC) metric as follows: for each
classification task, we first generated the model’s ROC or PR curve by varying the decision
threshold. Each expert’s performance on the same task was summarized as a single operating point
(i.e., their sensitivity and false positive rate (1-specificity) on the ROC space, or precision and
recall on the PR space). We then determined whether each expert’s operating point lay below the
model’s curve—meaning the model achieved equal or higher sensitivity (or precision) at the same
or lower false positive rate (or recall). The EUC was finally calculated as the percentage of experts
whose operating points fell below the model’s curve. This provides an intuitive summary of how
frequently the model outperformed individual experts across the spectrum of decision thresholds.

To assess the reliability of the results, we report Inter-Rater Reliability (IRR) based on Cohen’s k.
We compute pairwise IRR among all pairs of experts (expert-expert k), expert-Morgoth and
expert-SOTA pairs (expert-algorithm x), and majority IRR between each of these (expert or
algorithm) and the majority consensus of human experts. Pairwise IRR analysis, measured using
Cohen’s k, is limited to experts who labeled at least 1,000 samples in common per class for event-
level tasks and at least 30 patients in common per class for EEG-level tasks. We adopt the
convention of describing ranges of by k values as indicating “slight” (0% — 20%), “fair” (21% —
40%), “moderate” (41% — 60%), “substantial” (61% — 80%), and “almost perfect” (81%-100%)
reliability*’. We compared experts’ and algorithms’ statistical calibration for each class using soft
scores derived from multi-experts. For each expert or algorithm, we estimated their probability of
classifying segments within each of these probability bins as that by fitting a parametric model®.
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We further define a calibration index ranging from -1 (maximal under-calling) to 1 (maximal over-
calling), with 0% representing perfect calibration. In addition, we define significant over-calling
and under-calling as having a calibration index above 20% or below -20%.

After evaluating the calibration, we used Platt scaling and isotonic regression to calibrate model
outputs to better reflect true probabilities.

Platt scaling is a parametric probability calibration technique that fits a sigmoid function to map
the raw output scores of a classifier (such as the decision values from an SVM or the logits from a
neural network) into calibrated probabilities. The key assumption is that the relationship between
the uncalibrated scores and the true probabilities can be well approximated by a logistic (sigmoid)
curve. Formally, given the original model scores f (), Platt scaling fits a sigmoid of the form:

1
1+ exp(Af(x)+ B)
where the parameters A and B are learned by minimizing the negative log-likelihood (cross-
entropy loss) on a calibration set. Specifically, if we have calibration samples (f;, y;) where y; €
{0,1}, we solve:

P(y=1]x)=

mingp —Z(yilog pi+ (1 — y)log (1 — py))
i

1
"1+ exp(Afi+ B)
This optimization is typically performed using a standard numerical solver such as Newton’s
method.

pi

Isotonic regression is a non-parametric calibration technique that maps classifier scores to
calibrated probabilities under the constraint that the mapping is monotonically increasing. Given
a calibration set {(fi,yl-)}gzl}, where f;are the model output scores and y; € {0,1} are the

corresponding binary labels, isotonic regression seeks to find a function m(+)that solves:

N
min{m}Z()’i - m(fi))z

subject to the monotonicity constraint:
m(f) < m(f;) whenever f; < f;.

The solution is typically a piecewise constant, non-decreasing function (i.e., a step function) that
best fits the empirical data while respecting the monotonic relationship.
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5.Results for Single-scored Validation Datasets

On internal test datasets with labels from a single expert (Figure S4A), MORGOTH demonstrated
high accuracy, achieving an AUC-ROC of 0.98 and 0.92 for distinguishing normal vs. abnormal
EEG patterns at both the event and EEG levels, respectively; 0.98 and 0.94 for focal slowing; 0.98
and 0.90 for generalized slowing; 0.88 and 0.97 for burst suppression; 0.97 and 0.89 for spikes;
0.90 and 0.95 for focal spikes; 0.93 and 0.96 for generalized spikes; 0.86 and 0.95 for seizure; 0.90
and 0.94 for LPD; 0.91 and 0.98 for GPD; 0.91 and 0.97 for LRDA; 0.90 and 0.96 for GRDA. For
sleep staging, AUC-ROC values were 0.92, 0.72, 0.95, 0.89, and 0.87 across the five sleep stages
(awake, N1, N2, N3, REM), comparable with reported accuracies of experts judged against scores
of other experts*'. On internal HEEDB database, the difference between the training and test
accuracy averaged 2.75%, with the test accuracy not falling more than 5% below the training
accuracy, indicating that model overfitting was minimal.

Performance on external datasets scored by a single expert is shown in Figure S4B-C. On TUH
dataset benchmark, MORGOTH achieves equivalent or superior performance values across all
four tasks (Figure S4B). On MASS sleep staging task, MORGOTH outperforms U-Sleep (Figure
S4C).
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(A) Internal Dataset: Morgoth’s average AUC-ROC scores (left) and AUC-PR scores (right)
with 95% ClIs for event-level tasks (first) and EEG-level tasks (second) on internal HEEDB-
Train, MGH-PSG-Train sets (gray) and HEEDB-Test, MGH-PSG-Test, and BCH-PSG-Test
sets (blue). The PSG data from BCH was not used in training, so there is no gray bar.
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588 (B) External datasets: Average AUC-ROC scores (left) and AUC-PR scores (right) with 95% Cls
589 of Morgoth (blue) and baselines (yellows) on external TUH dataset, which has tasks TUAB
590 (normal/abnormal), TUSL (seizure/slowing/background), TUSZ (seizure/not seizure), and
591 TUEYV (spike and slow wave/generalized periodic epileptiform discharge/periodic lateralized
592 epileptiform discharge/eye movement/artifact/background).
593
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596 (C) External datasets: Morgoth’s ROC curves (top row) and PR curves (bottom row) on external
597 MASS dataset with 95% Cls.

598 Figure S4. Performance Results on Single-scored Datasets.
599
600
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601 6.Results for Multi-expert Validation Datasets

602
603  Figure S5A presents MORGOTH’s performance across 14 EEG findings on the internal MoE test

604  dataset, MORGOTH achieved an average AUC-ROC of 0.944 with a 95% CI[0.936, 0.952], and
605  anaverage AUC-PR of 0.800 [0.770, 0.826] across 14 categories. Comparing ROC and PR curves
606  with the operating points of 21 experts, MORGOTH outperformed an average of 90% of experts
607 (19 out of 21, range 75.2% to 100%) across 13 of the 14 tasks, except for sleep stage N1.

608

609  Figure S5B shows 4 EEG-level tasks results on external ON dataset. In comparison with the results
610  of 15 experts, MORGOTH achieves an average EUC-ROC of 51.5% [46.18%, 56.18%] and an
611 average EUC-PR of 39.3% [25.8%, 57.5%], with an AUC-ROC of 0.939 [0.936, 0.943] and an
612  AUC-PR of 0.857 [0.848, 0.870].
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619 (A) Internal MoE dataset: Average ROC curves (odd rows) and PR curves (even rows) for
620 Morgoth (blue), burst suppression baseline (yellow), with 95% Cls, and expert points (gray).
621
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623 (B) External ON dataset: Average ROC curves (odd rows) and PR curves (even rows) of Morgoth
624 (blue) with 95% Cls, and expert points (gray)
625
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627 (C) External HEP dataset: Average event-level (left) and EEG-level (right) spike detection ROC
628 curves (odd rows) and PR curves (even rows) of Morgoth (blue) and SpikeNet 2 (yellow),
629 with 95% Cls. Since the experts assigned were not the same across all EEGs, it was not
630 possible to plot individual expert points or calculate EUC performance.
631
632 Figure S5. Additional Performance Results on Multi-expert Scored Datasets.
633
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634 7.Inter-rater Reliability

635 To validate both the reliability of the model and the consistency of expert annotations, we
636  evaluated the agreement of each expert and the model with individual experts as well as the
637  agreement with consensus across all multi-expert annotated datasets. Figures 4 and S6 provide a
638  comprehensive analysis, presenting the average k values along with 95% CI bars. Pairwise IRR
639  analysis is limited to experts who labeled at least 1,000 samples in common per class for event-
640 level tasks, at least 30 patients in common per class for EEG level classes. We obtained pairwise
641  IRRs among 21 experts with 394 expert pairs in MoE dataset, 30 experts with 772 expert pairs in
642  IIIC-Test dataset, 8 experts with 56 expert pairs in SN2-Test dataset, 14 experts with 164 expert
643  pairs in SAI dataset, 14 experts with 182 expert pairs in ON dataset, and 6 experts with 30 expert
644  pairs in UPenn dataset.

645

646  In MoE dataset, expert pairwise IRR is “fair” for generalized slowing, seizure, LRDA, GRDA, N1,
647  “moderate” for burst suppression, focal slowing, focal spike, LPD, GPD, awake and N2. While
648 MORGOTH achieved “substantial” for burst suppression and awake, “fair” for generalized
649  slowing and seizure, surpassing expert performance in k scores across all categories except for N1.
650  Similarly, the majority IRR also reached at least a “fair” level across all categories, with overall
651  scores higher than pairwise k. MORGOTH consistently outperformed experts in this evaluation,
652  achieving higher k scores in all categories except for N1. In the IIIC-Test dataset, expert pairwise
653  IRR was “fair” for seizure, LRDA, and GRDA and “moderate” for LPD and GPD, while expert
654  majority IRR was “fair” for LRDA and “moderate” for the other four categories. MORGOTH
655  achieved higher k scores across both metrics, with a statistically significant improvement in LPD.
656  Inthe SN2-Test dataset, expert pairwise IRR was “fair”, while majority IRR reached a “moderate”
657 level. MORGOTH achieved “moderate” and near “perfect” agreement, with a statistically
658  significant improvement over expert performance. In SAI dataset, expert pairwise IRR was
659  “moderate” for focal slowing, generalized slowing, and focal spike, and “substantial” for normal
660  and generalized spike. Majority IRR was “moderate” for generalized slowing and “substantial” for
661  the other four categories. Although MORGOTH did not show a significant improvement in
662  agreement, it consistently maintained the same levels of reliability as experts. In ON dataset,
663  MORGOTH and experts exhibited similar levels of pairwise IRR and majority IRR. Specifically,
664  pairwise IRR was “fair” for generalized slowing, “moderate” for focal slowing, “substantial” for
665  focal spike, and almost “perfect” for generalized spike. Majority IRR was “moderate” for both
666  focal and generalized slowing, “substantial” for focal spike, and almost “perfect” for generalized
667  spike. In UPenn dataset, MORGOTH and experts exhibited similar levels of pairwise IRR and
668  majority IRR. Specifically, pairwise IRR was “slight” for N1, “moderate” for N2 and N3, and
669  “‘substantial” for awake and REM. Majority IRR was “fair” for N1, “moderate” for N3, “substantial”
670  for awake and N2, and almost “perfect” for REM. N1 showed low expert agreement, indicating its
671  difficulty in classification and the potential unreliability of using expert labels as ground truth for
672  model evaluation.

673
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674  These results confirm the reliability of expert labels and the stability of group consensus as a
675  reference for evaluation. The majority inter-rater reliability (IRR), consistently surpassing pairwise
676  «, highlights its reproducibility. Meanwhile, MORGOTH’s strong agreement with both experts
677 and consensus — often exceeding expert performance — demonstrates its robustness and
678  generalization. This reinforces the effectiveness of multi-expert annotations for training and

679  evaluation.
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Figure S6. Additional Reliability Analyses. Inter-rater Agreements of Internal Dataset. Left:
average agreement with 95% ClIs across all pairwise experts (gray), and average agreement
between Morgoth (blue) with each expert. Right: Average agreement with 95% Cls between
Morgoth, baselines, or one expert with consensus from leaving one expert out.

8. Calibration Analysis

Figure 4 and Figure S7 presents calibration curves for experts and MORGOTH across all
categories in MoE, IIIC-Test, SN2-Test, SAI, ON, UPenn datasets. MORGOTH's calibration
index falls within -20% to 20% for 10 out of 16 event level categories and 4 out of 5 EEG level
categories, with absolute values ranging from 0.1% to 19.8, indicating near-perfect calibration,
surpassing 40.0% to 96.7% of experts, and outperforming all three baseline models. Especially in
MoE’s generalized slowing, burst suppression, LPD, GRDA, and ON’s focal slowing, it
outperformed the best expert.
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Figure S7. Additional calibration curves for (A) MoE dataset and (B) ON dataset. In the plots,
MORGOTH is shown in blue and experts in gray. The black line represents the best-performing
expert, and the best expert who performs worse than the model.

9. Case Studies

Figures S8-S11 illustrate MORGOTH’s continuous EEG interpretation for spike detection,
including an example of 3Hz generalized spike and wave activity (Figure S8). Additionally, the
figures demonstrate its capability in rejecting false positives and artifact ensemble spikes, such as
vertex waves (Figure S9), sawtooth patterns (Figure S10), and ECG artifacts (Figure S11). Figures
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721  S12-S21 showcase MORGOTH’s continuous EEG interpretation for seizure and IIIC
722 classification, including 2 seizures (Figures S12 and S13), 2 LPD (Figures S14 and S15), 2 GPD

723  (Figures S16 and S17), 2 LRDA (Figures S18 and S19), and 2 GRDA (Figures S20 and S21).
724
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of overlap between the 95% Cls. HEEDB test set has 14,464 samples with 10,102 Patients;

confidence intervals (Cls), where significance decrease (-) was determined by the absence
MGH PSG test set has 1,000 Patients; BCH PSG dataset has 2,000 patients.
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Table S4 lists the comprehensive results of Morgoth, baselines, and experts with pairwise IRRs,
(A) Internal HEEDB-Test, MGH-PSG-Test, BCH-PSG-Test datasets. Results are with 95%

leave-one-expert-out IRRs, and ROC, PR for all datasets.
Table S4. Comprehensive Results of Morgoth, Baselines, and Experts: Pairwise IRRs, leave-one-

expert-out IRRs, and ROC, PR results for 10 datasets.
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least 100 samples in common per class. Based on this, MoE dataset has 21 experts with

confidence intervals (Cls), where significance (*) was determined by the absence of
overlap between the 95% Cls. Experts have labeled at least 1,000 samples (2,761 samples
with 2,250 patients in total). Pairwise IRR analysis is limited to experts who labeled at

(B) Internal multi-expert scored datasets MoE. Comparisons were based on the 95%
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(C) Internal multi-expert scored datasets IIIC-Test. Comparisons were based on the 95%

confidence intervals (Cls), where significance (*) was determined by the absence of

overlap between the 95% Cls. Experts have labeled at least 1,000 samples (15,747 samples

with 758 patients in total). Based on this, IIIC-Test dataset has 30 experts with 772 expert

pairs.
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766
767 (D) Internal multi-expert scored datasets SN2-Test. Comparisons were based on the 95%
768 confidence intervals (Cls), where significance (*) was determined by the absence of
769 overlap between the 95% Cls. Experts have labeled at least 1,000 samples (with 1,602
770 samples with 208 patients in total). Pairwise IRR analysis is limited to experts who labeled
771 at least 100 samples in common per class. Based on this, SN2-Test dataset has 8 experts
772 with 56 expert pairs.
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(E) External single-score datasets TUH. Results are with 95% confidence intervals (ClIs),

where significance (*) was determined by the absence of overlap between the 95% Cls.
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(F) External single-score datasets MASS.
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(G) External multi-expert scored datasets HEP. Comparisons were based on the 95%

confidence intervals (Cls), where significance (*) was determined by the absence of

overlap between the 95% Cls.
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783 (H) External multi-expert scored datasets SAI. *Comparisons were based on the 95%
784 confidence intervals (Cls), where significance (*) was determined by the absence of
785 overlap between the 95% ClIs. Experts have labeled at least 30 patients (100 patients in
786 total). Pairwise IRR analysis is limited to experts who labeled at least 10 patients in
787 common per class. Based on this, SCORE-ALI test dataset has 14 experts with 164 expert
788 pairs.
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intervals (Cls), where significance (*) was determined by the absence of overlap between
the 95% ClIs. Experts have labeled at least 30 patients (100 patients in total). Pairwise IRR
analysis is limited to experts who labeled at least 10 patients in common per class. Based

(I) External multi-expert scored datasets ON. Comparisons were based on the 95% confidence
on this, ON dataset has 14 experts with 182 expert pairs.
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(J) External multi-expert scored datasets UPenn. *Comparisons were based on the 95%

confidence intervals (Cls), where significance (*) was determined by the absence of

overlap between the 95% Cls. Experts have labeled 67 patients (67 patients in total). Based

on this, UPenn dataset has 6 experts with 30 expert pairs.

800

(#££°0°GGL°0)79L°0

(9690 ‘v£9°0)589°0

(€69°0 ‘1L£9°0)289°0

(LG2°0°LELO)LYLO

(y2y'0 ‘£8€°0)901°0

(09%°0 ‘LLY"0)8EY°0

(esy°0 ‘80%7°0)LEV O

«(881°0 ‘9V¥°0)L97°0

(£65°0 ‘68%7°0)82S°0

(L£5°0‘€65°0)295°0

(69570 ‘155°0)09S°0

(809°0 ‘065°0)665°0

(€Lz'0‘e9L°0)88L°0

(g81L°0‘eZL0)¥SL°0

(6£1°0°21LL°0)87L°0

(€61°0‘821L°0)09L°0

(¢1£°0‘689°0)L0L°0

,suosrLiedwoo padxs
asimiled Jie ssoioe

1uswaalde agelany

(Lz£'0‘869°0)0LL 0

11adxe auo yium
Ldaa1g-N usamiaq

1uswaalde agelany

(¢2£°0°669°0)LLLO

11adxe auo yium

«(G¥L°0 ‘cCL 0)EEL'O

1adxa auo

zdea)s-n usamiag  Yum Yio8io|y Usamiaq

1uswaalle agelany

1uswaalle agelany

68



(5£8°0‘818°0)£28°0

(L9470 ‘P¥L°0)ESL0

(6G£°0‘S¥L°0)LSL0

(918°0 ‘208°0)608°0

(296°0 ‘856°0)656°0

(T96°0 ‘956°0)856°0

(ELS°0 ‘9L¥°0)61°0

«(8£5°0 ‘S¥S°0)29S°0

«(££5°0 ‘PPS0)19G°0

x(€29°0 ‘165°0)£09°0

(696°0 ‘996°0)896°0

(696°0 ‘S96°0)£96°0

(1S90 ‘v€9°0)2¥9°0

«(189°0 '899°0)G£9°0

«(189°0 °£99°0)7£9°0

«(€2L70°0LL0)9LLO

(€06°0 £68°0)668°0

(¥06°0 ‘668°0)106°0

(z92°0 ‘902°0)¥€C0

+(C2€°0892°0)562°0

(71€°0°092°0)£82°0

(58€°0 ‘672°0)LLE0

(ST8°0 ‘66£°0)808°0

(r18°0 ‘86£°0)808°0

(98£°0°99£°0)9£L°0

1IN0 48] Ladxa ay}

(€6£°09££°0)S8L°0

1no 149) Ladxa

(L6£°0°€£L70)28L°0

1n0 1J9) Ladxa auo

«(118°0 ‘S6£°0)€08°0

1IN0 }a) Yadxs

(¥S6°0 ‘6¥6°0)1S6°0

(€56°0 ‘9¥6°0)0S6°0

69

UM SNSUSSUO0D 83 pPUB 8UO YlIM SNSUSSUO0D 8}  YlIM SNSUSSU0D B3 3UO0 YlIM SNSUSSU0D
1adxs auo usamiaq pue | des)g-n usamiaq pue gdes)|S-nN Usamlag ayl pue Yyio81o ussmiadg
1uswaalde agelany 1uswaalle agelany 1uswaalde agelany 1uswaalde agelany

004-0NY ¢de81s-n

004-0Nv Ldee1s-n




(£96°0 ‘€96°0)596°0

(%0°0 ‘%0°0)%0°0

(%0°0 ‘%0°0)%0°0

(%0°0 ‘%0°0)%0°0

(0S8°0 ‘VE€8°0)EV8°0

(s¥8°0 ‘678°0)8€8°0

(¥98°0 ‘6¥78°0)£S8°0

(5£6°0 ‘€L6°0)7L6°0

(%£'99 ‘%0°05)%0°SS

(%£°99 ‘%0°0S)%L°TS

(%£°99 ‘%£°99)%L°99

(£2£°0969°0)TTL 0

(z2L'0 ‘'T69°0)S0L°0

(2840 ‘85£°0)0LL 0

(€T6°0 '£06°0)0T6°0

(%E €€ ‘%EEE)%E EE

(%E°EE ‘%EEE)%EEE

(%E"EE “%EEE)%LEE

(£06°0 ‘006°0)€06°0

(606°0 ‘206°0)S06°0

(8T6°0 ‘¢16°0)¥16°0

(S78°0 ‘0£8°0)6£8°0

(%E°€€ ‘%L 9T)%0°0T

(%E°€E ‘%L 9T)%L 0T

(%E°€8 ‘%EEE)%L ]S

(TTZ°0 ‘T6T°0)TOZ'0

(€TZ°0 ‘68T°0)TOZ°0

(8£7°0 ‘8¥2°0)29Z°0

(596°0 ‘096°0)296°0

D0Y-ONY Y10810[n

(%005 ‘%0°0S)%0°0S

204-0N3 Ldea1s-N

(%0°0S ‘%€ €E)%E LY

20Y4-0N3 zdeas-N

(%0°0S ‘%0°0S)%0°0S

004-0N3 Y0810

(6£8'0 ‘898°0)€£8°0

dd-0ONv Ldeas-nN

(££8°0°598°0)T£8°0

4d-0Nv ¢dea1s-n

(968°0 ‘588°0)068°0

dd-ONV Y10310

70



801
802

803

804

805
806
807
808

809
810
811

812
813
814
815
816

U-Sleep1 EUC-PR
50.0%(50.0%, 50.0%)
33.7%(16.7%, 50.0%)
33.3%(33.3%, 33.3%)
55.3%(50.0%, 66.7%)

0.0%(0.0%, 0.0%)

48.7%(33.3%, 50.0%)
33.3%(16.7%, 50.0%)
33.3%(33.3%, 33.3%)
52.0%(50.0%, 66.7%)
0.0%(0.0%, 0.0%)

o
%
O
-]
w
o
o)
)
D
@
-]

Morgoth EUC-PR
50.0%(50.0%, 50.0%)
52.7%(50.0%, 66.7%)
33.3%(33.3%, 33.3%)
82.0%(66.7%, 83.3%)

0.0%(0.0%, 0.0%)

Class
Awake
N
N2
N
REM

11. Subgroup Results

11.1 Effects of on sex on algorithm performance

We performed gender subgroup analyses on the multi-expert scored datasets: I[IIC-Test, SN2-Test,
MoE, SAI, and ON datasets (the UPenn dataset was excluded from subgroup analysis as it
consisted entirely of female subjects). Overall results are shown in Figure S22 with female results
on the left/top and male results on the right/bottom.

All detailed results are shown in Table S4. All significant test results are shown in Table S5.
MORGOTH showed smaller differences between gender groups compared to the baseline models,
demonstrating good generalization and robustness

For the ITIC-Test dataset, the proportion of cases showing significant differences (P < 0.05) was
33.3% for Morgoth, 44% for SPaRCNet, and 48% for the Kaggle winner; For the SN2-Test dataset,
both MORGOTH and SPaRCNet2 showed 0% of cases with significant differences, and
MORGOTH generally had higher p-values; For MoE dataset, MORGOTH did not show
significant differences across groups; For SAI dataset, both MORGOTH and SCORE-AI showed
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0% of cases with significant differences; For the SAI dataset, both MORGOTH and SCORE-AI
showed 0% of cases with significant differences; For the ON dataset, MORGOTH has 25%
differences.
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(A) Internal ITIC-Test dataset: Average ROC curves (odd rows) and PR curves (even rows) for
Morgoth (blue), Kaggle winner (yellow), SPaRCNet (green), and expert points with 95% Cls.
Female results are shown at the top, and male results at the bottom; AUC-ROC Distribution
by Model and Gender, where box plots showing the distribution of results from 10,000
bootstrap iterations, comparing the distribution of results across different age subgroups for
each model
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(B) Internal SN2-Test dataset: Average ROC curves (odd rows) and PR curves (even rows) for
Morgoth (blue), SpikeNet 2 (yellow) and expert points with 95% Cls. Female results are on
the left and male results are on the right; AUC-ROC Distribution by Model and Gender, where
the box plots show the distribution of results from 10,000 bootstrap iterations, comparing the
distribution of results across different age subgroups for each model
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(C) Internal MoE dataset: Average ROC curves (odd rows) and PR curves (even rows) for
Morgoth (blue) and expert points with 95% Cls. Female results are on the left/top and male
results are on the right/bottom.
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11.2 Age group

As shown in Table S6, the six multi-expert annotated datasets were divided into 11 age groups.
To ensure that each group contains both positive and negative examples during testing, different
datasets were merged into different age groupings accordingly.

Overall results are shown in Figure S23 with age groups ordered in increasing manner from left
to right and top to bottom. All detailed results are shown in Table S7.

Analyzing whether model's AUROC depends on age were from two perspectives.
e Using regression (Figure S23)

Linear Regression - Start with a simple linear model: AUROC ~ Age. This will tell you if there's
a linear relationship and provide an easily interpretable coefficient showing how AUROC
changes per unit increase in age. Polynomial Regression - If you suspect non-linear relationships,
try quadratic or cubic terms: AUROC ~ Age + Age? (+ Age?®). This captures potential U-shaped
or more complex age-performance relationships.

e Analyzing whether model's AUROC depends on age using distribution overlap (Table
S&)

We employed DeLong's test AUROC, AUPR, EUROC, EUCPR, values across different age
groups. Delong's test is the recommended statistical method for AUC/EUC comparisons as it
properly accounts for the correlated nature of ROC curves derived from the same dataset and
provides exact p-values without requiring parametric assumptions about the underlying
distributions. We performed pairwise comparisons between all age groups and applied Bonferroni
correction for multiple comparisons. Statistical significance was defined as p < 0.05, and clinical
significance was considered as AUC/EUC differences > 0.05. This approach allows us to
rigorously assess whether observed performance differences across age groups represent true age-
dependent effects rather than random variation.

MORGOTH showed smaller differences between age groups compared to the baseline models,
demonstrating good generalization and robustness.

Based on the regression methods, across 27 feature detection tasks on five datasets, model
performance was found to be associated with age grouping in 5 tasks (Figure S23), including GPD
detection (Cubic, p =0.031) and LRDA detection (Linear, p = 0.023) in the event-level IIIC-Test
dataset; Focal Slowing detection (Cubic = -0.031), LRDA detection (Linear, p = 0.006), and
Generalized Slowing detection (Linear, p = 0.029) in the EEG-level ON dataset.

For IIIC-Test dataset, age sensitivity analysis of three models in IIIC pattern detection reveals
significant model- and pattern-specific differences. Morgoth demonstrates the best overall age
robustness (20.9% average age sensitivity), particularly showing only 3.3% age sensitivity in
GRDA detection and significantly outperforming other models in LRDA detection (12.2% vs 46-
52%). In contrast, SPaRCNet exhibits the highest age sensitivity (30.9%), reaching 52.2% age
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dependency in LRDA detection. From the IIIC pattern perspective, LRDA shows the highest age
dependency (37.0%), followed by Seizure (36.2%) and LPD (31.5%), while GRDA demonstrates
the best age robustness (8.7%). Notably, different models show significant variations in age
sensitivity for the same IIIC pattern, with LRDA detection showing a 4-fold difference between
Morgoth (12.2%) and SPaRCNet (52.2%).

These findings may have implications for clinical Al applications: GRDA detection can be directly
applied across all age groups without age correction, and Morgoth should be the preferred choice
for applications requiring cross-age-group consistency, while SPaRCNet and Kaggle Winner
require implementation of age-specific performance calibration strategies in LRDA, Seizure, and
LPD detection to ensure reliability and fairness of Al-assisted IIIC pattern detection across
different age populations.

For the SN2-Test dataset, comparison of age-group performance between two spike detection
models (Morgoth and SpikeNet2) reveals significant model-specific and age-dependent
differences. Morgoth demonstrates age robustness across most age groups, achieving ROC AUC
of 1.000 in all age groups except the >80 years group, with ROC EUC maintaining 100%
consistency across the 1-50 years age range. In contrast, SpikeNet2 exhibits stronger age
sensitivity, particularly in pediatric and adolescent groups (1-30 years), where its ROC EUC drops
to 22.4%-59.4%, indicating reduced performance in younger populations. Both models maintain
good age consistency in PR AUC metrics (>0.990 in most age groups), but the PR EUC metric
reveals more nuanced age-related performance patterns. The Morgoth model's PR EUC fluctuates
considerably across age groups (47.8%-87.3%), peaking in middle-aged to older adult groups (40-
60 years) while being relatively lower in young adult (20-40 years) and elderly groups (60-70
years). SpikeNet2 shows particularly poor PR EUC performance in younger groups, with only
22.4% in the 20-30 years group, suggesting that this model may have overfit to adult spike
characteristics and lacks generalization capability for pediatric and adolescent spike detection.
Notably, both models show identical performance in the 30-40 and 40-50 years groups, while
Morgoth demonstrates better performance stability in populations over 50 years. These findings
indicate that Morgoth possesses superior cross-age-group generalization, whereas SpikeNet2
exhibits age bias, particularly insufficient spike detection performance in pediatric and adolescent
populations

For the MoE dataset, among the 14 EEG pattern automatic detection models, the Generalized
Slowing detection exhibited the strongest age sensitivity (overall significant proportion 51.6%),
with metric 2 achieving 73.3% significant proportion and an extremely low average p-value of
0.063. Sleep-related pattern detection models (Sleep-N1 and Sleep-N2) also demonstrated
significant age dependency, with overall significant proportions of 33.4% and 26.6% respectively,
indicating that these models' detection performance exhibits age bias and may produce systematic
detection differences across different age groups. In contrast, the Spike detection model
demonstrated ideal age robustness (0.0% significant proportion), while GPD and LPD intensive
care pattern detection models were largely unaffected by age (1.7%-5.0%), suggesting that these
models successfully learned age-independent pathological features and possess good cross-age-
group generalization capability. From the perspective of metric types, mean-type metrics (ROC
AUC, PR AUC) showed higher age sensitivity in model predictions (20.5%-21.9%) compared to
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977  percentage-type metrics (ROC EUC and PR EUC, 11.4%-13.4%), indicating that different types
978  of output metrics exhibit varying degrees of age generalization capability.
979  For the SAI dataset, age sensitivity comparison analysis between Morgoth and SCORE-AI on
980 EEG-level tasks reveals significant task-specific differences. Morgoth demonstrates slightly
981  superior overall age robustness (6.5% vs 8.0%), outperforming SCORE-AI in Generalized
982  Slowing detection (12.5% vs 22.5%), while both models exhibit perfect age robustness (0.0%) in
983  Generalized Spike detection. From the EEG task perspective, Generalized Slowing shows the
984  highest age dependency (17.5%), becoming the primary source of age sensitivity for both models,
985  while Normal state detection, Focal Slowing, and Generalized Spike detection all demonstrate
986  good age robustness (0-3.8%). Notably, ROC-AUC metrics show 0.0% age sensitivity across all
987  task-model combinations, while EUC metrics display more age-related variation, particularly with
988  SCORE-AI's ROC-EUC reaching 60.0% age sensitivity in Generalized Slowing detection. These
989  findings indicate that on EEG-level detection tasks Morgoth demonstrates superior age robustness
990 compared to complex IIIC pattern detection (average 7.3% vs 25.8%), providing important
991  guidance for clinical Al applications: Generalized Spike and Normal state detection can be directly
992  applied across all age groups, Morgoth should be preferred for applications requiring cross-age-
993  group consistency, while SCORE-AI requires implementation of age-specific performance
994  calibration strategies in Generalized Slowing detection to ensure reliability of Al-assisted EEG
995  diagnosis across different age populations.
996  For the ON dataset, generalized spike detection exhibits the highest age sensitivity (32.5%),
997  primarily driven by extremely high age dependency in EUC metrics (PR-EUC 60.0%, ROC-EUC
998  70.0%), while its AUC metrics demonstrate complete age robustness (0.0%). In contrast,
999  generalized slowing detection shows perfect age robustness (0.0%), with all metrics showing no
1000  significant differences across age groups.
1001
1002 Table S6 Age Groups of Multi-expert Annotated Datasets
Age Group* nc Sub Group SN2 Sub Group SAI Sub Group MoE Sub Group | ON Sub Group
0-1 22 0-1 7 0-1 1 0-10 28 0-20 3 0-10
1-10 51 1-10 34 1-10 13 92 25
10-20 41 10-20 36 10-20 26 10-30 101 19 10-20
20-30 49 20-30 19 20-30 12 238 20-30 20-40
30-40 46 30-40 12 30-40 9 30-50 219 30-50
40-50 46 40-50 9 40-50 281 40-70
50-60 117 50-60 19 50-60 7 50-70 427 50-60 13
60-70 140 60-70 36 60-70 14 440 60-70 6
70-80 143  70-80 23 70-80 >70 363 >70 11 >70
80-90 78 80-90 12 >80 188
>90 14 >90 2 23
1003 * All intervals are left-closed and right-open.
1004
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IIC-Test Seizure - Morgoth Performance vs Age - Regression Analysis [lIC-Test Seizure - SPaRCNet Performance vs Age - Regression Analysis
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IIC-Test LPD - Morgoth Performance vs Age - Regression Analysis

IlIC-Test LPD - SPaRCNet Performance vs Age - Regression Analysis [lIC-Test LPD - Kaggle Winner Performance vs Age - Regression Analysis
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1025

[40, 50), [50, 60), [60, 70), [70, 80), [80, 90), and >90; Regression between age and AUC-

1026 RPC - if age significantly affect model performance. * p<0.05, ** p<0.01, *** p<0.001; ns =
1027 not significant.
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1032 (B) Internal SN2-Test dataset: Average ROC curves (odd rows) and PR curves (even rows) for

1033 Morgoth (blue), SpikeNet 2 (yellow) and expert points with 95% CIs. The age groups from
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1035 [60, 70), [70, 80), and >80. Regression between age and AUC-RPC - if age significantly affect
1036 model performance. * p<0.05, ** p<0.01, *** p<0.001; ns = not significant.

1037

88



10 ol 10 1 10
08 0.8| 08 0.8] 08
ve{ 1y o6 06 08 06
0.4 . 0.4] 04 . 0.4 T ++ . . 0.4 . 0.4 é gl . .
Focal Slowing Generalized Slowing Focal Slowing eneralized Slowing 1 Focal Slowing _Generalized Slowing
02 AUC=0.686 o2 7;'.. AUC=0.844 0zq fs AUC=0.930 o2 AUC=0.859 02 AUC=0.925 oz|{ | AUC=0.836
EUC=25.2% '+ EUC=86.4% EUC=68.2% + 7 EUEC=74.8% EUC=82.7% . * +EUC=79.9%
0.0 0.0 0.0 0.0| 0.0 0.0
e ———— .n e how e n.‘. B T T e vy
08 0.8 — ._-\. | 0.8] ‘ ‘ 08 08
0.6 0.6 + i\ +0.8] I 0.6 0.6
4 TR + |
y y T | Gj e { 4] 4 T o t i
* Generalized Slowing 1 Focal Slowing ;.7 R ‘eneralized Slowing 1 Focal Slowing Generalized Slowing
0z AUC=0.842 oz AUC=0.791 2] ' AUC=0.748 024 |AUC=0.839 2 AUC=0.755
EUC=84.6% EUC=76.6% " EUC=75.2% EUC=86.6% T EUC=79.5%
0.0 004 & 0.0] 0.0 0.0
0.2 0.4 0.6 08 1.0 00 0.2 0.4 0.6 08 10 00 0.2 0.4 06 08 10 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 10
1.0 10 1.0
o8 o8 08 0.8 0.8 0.8
0.6 06 0.6 0.6 + 4 0.6 0.6]
o
04 , o4 . . 04 oafl 117 044 |74 . 0a . i
Focal Slowing -;Senerallzed Slowing It Focal Slowing || [ .Generalized Slowing I Focal Slowing Generalized Slowing
o2 AUC=0.806 o2 v TAUC=0.883 02 AUC=0.946 ooff |- ' TAUC=0.885 o f |7 AUC=0.946 02| [F. ~+AUC=0.881
EUC=84.5% T EUC=95.5% EUC=87.2% I EUC=95.1% EUC=87.0% +  EUC=95.2%
00 9.9 00 0.0| 0.0 0.0
ol o s odoan PR P P o PE— = PR .
0.8 0.8 08 0.8
0.6 0.6 0.6 0.6
0. T —s 04 04 T . 4
Focal Slowing Generalized Slowing Focal Slowing Generalized Slowing Focal Slowing Generalized Slowing
0z{ AUC=0.851 2 AUC=0.860 02{ AUC=0.902 02 AUC=0.886 021 AUC=0.907 2| AUC=0.900
EUC=89.6% EUC=96.5% EUC=95.0% EUC=96.1% EUC=96.1% EUC=97.3%
0.0 0.0 0o 0.0] 0.0 0.0}
LX) 0.z 0.4 06 0.8 10 00 02 04 0.6 0.8 10 0.0 0.2 0.4 0.6 08 1.0 00 0.2 0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
1040 Slowing Localization
1.0
1.0 Lo 1o h '
08 0.8 08 + 0.8 08 ‘ o8
06 06 0.6 ;’ 06 PRI 0.6
i 0. I 04 04
4 04 e .4 E
o4 BS ’ BS BS | BS BS BS
02 AUC=1.000 0z AUC=1.000 02 AUC=0.999 02 AUC=1.000 02 AUC=0.999 02 Ab—'((::=0.692;
) -— o, = 9, = Q E =76. o
» EUC=56.7% o EUC=59.0% . EUC=67.1% o EUC=73.3% " EUC=82.9% oo
) 0a o0z o4 08 08 10 00 02 04 06 08 10 00 02 04 06 08 10 0.0 0.2 04 06 0.8 10 0.0 02 04 0.6 0.8 1.0 o0 02 0.4 0.6 0.8 10

10 10 T =" 10 r,!\\\ 10 10 10 _._\Hh
08 08 T + 08 . 7*-1 0.8 T ! 08 08 | +
= T t |
| 1l L1 | T 1 1 i ) P
06 06 06 | | i 06 I ] 06 06 ],—r—
1 ) 1 0.4 04 0.4 - -

Tt "o lesl " BS, 1 8 BS Be
v2{ AUC=1.000 o2{ AUC=1.000 s2{ AUC=0.973 | o2 AUC=1,000 s21 AUC=0.989 02 AUC=0.895

EUC=46.4% EUC=74.1% EUC=77.5% EUC=71.7% EUC=84.1% EUC=81.4%
00 004« 004 » 007 e 004 007

0.0 0.2 0.4 06 o8 10 0.0 02 04 0.6 0.8 10 0.0 02 04 0.6 o8 1.0 00 0.2 0.4 06 08 10 0.0 0.2 0.4 0.6 08 1.0 00 0.2 04 06 08 10

1042 Burst Suppression Detection

&9



1043

10 10 10
1.0 1o
08 08 08
08 08
0.6 0.6 06
0.6 08
04 0.4 0.4
0 o SPIKES SPIKES SPIKES SPIKES
SPIKES SPIKES -
AUC=0.907 oo ][ AUC=0.947 oz |l AUC=0.961 02 AUC=0.950 02 AUC=0.970 02 AUC=0.966
14 =5 ‘ e t = = =85.09 EUC=75.5%
4 EUC=77.0% | EUC=73.1% | ,, EUC=84.0% | EUC=73.5% | EUC=85.0% | o °
0o PP o s T s 1o 0.0 02 04 06 08 10 00 02 0.4 06 08 10 0.0 0.2 04 06 0B 1.0 00 0.2 04 0s o8 10
0.0 0.2 0.4 0.6 X - g a
10 10 10 10 10 10
0.8 1 3 0.8 ﬁ‘\ 0.8 08 N L o8 08
| \u T
o6 .~1:.» —%‘l 06 TrEEE 06 06{ o - I T 06 06
NI Siimi. % X 3
04l t .- 04 ‘\ 04 0a{ '+ 04 04
".'SPIKES /SPIKES * SPIKES SPIKES SPIKES SPIKES
024 AUC=0.782 02/ AUC=0.808 \] 02{ AUC=0.882 024 AUC=0.846 021 AUC=0.918 021 AUC=0.904
EUC=78.5% EUC=76.5% EUC=86.0% EUC=76.1% EUC=94.3% EUC=82.5%
0. 004 e 004 = 0.0 0.0 0.0
0.0 0.2 0.4 06 0.8 1.0 0.0 02 0.4 0.6 0.8 10 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 10 0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 0.6 08 10
1045 Spike Detection
10 +0 1.0 & 1.0
0.8 0.8 08 0.8} 08 0.8)
os 04 06 05 06 06
04 . 04 . . 04 I 0.4 04 0.4
Focal Spikes Generalized Spikes Focal Spikes Generalized Spikes Focal Spikes Generalized Spikes
02 AUC=0.905 o2 AUC=0.957 02 AUC=0.951 o4 AUC=0.964 02 AUC=0.966 o2 AUC=0.935
EUC=73.2% EUC=70.3% EUC=77.4% EUC=41.9% EUC=84.7% EUC=53.4%
0.0 0.0 0.0 0.0] 0.0 0.0
i a0 A o ek ki e PP —
0.8 ‘ N\ 0.8 08 | HL\‘\ 0.8] - - 08 I 0.8) } N
L | 1 ez i
0.6 i 0.6 ! 06 | 4 0.6 I I 0.6 e 5.; I g I 6
il : +— L IEETIIN = \ ] | EREES :
04y 1T = \ (X 0l s = 04 il L 04 . (L Ene=—_
Fg_caISplkes Generalized ikes FqcalSpiksles Gqu[auﬁc Spike! Focal Spikes Generalized S
024 AUC=0.754 2 AUC=0.764 02{ AUC=0.797 ' \'1; AUC=0.75 | 021 AUC=0.915 2 AUC=0.617
EUC=76.9% EUC=75.4% EUC=81.5% EUC=48.3% EUC=91.3% EUC=61.9%
0.0 0.0/ = 004 * 00 004 ¢ 0.0
0.0 0.z 0.4 0.6 0.8 1.0 00 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10 0.0 02 0.4 0.6 08 10 00 0.2 0.4 0.6 08 10
1.0 I 10 - ( 1.0 1
08 0.8 0.8 0.8 08 0.8) !
06 0.6/ 06 R 0.5} 06 0|
s a 04 . 0.4) N . X ¥
’ Focal SpikesD . Generalized Spikes Focal Spikes Generalized Spikes " Focal Spikes“ Generalized Spikes
02 AUC=0.949 o: AUC=0.973 02 AUC=0.966 o2 AUC=0.992 0z AUC=0.972 o2 AUC=0.966
EUC=58.1% EUC=78.6% EUC=69.4% EUC=51.6% EUC=77.6% EUC=63.0%
00 0.0/ 00 0.0} 0.0 0.0
1o no 0 ‘ﬂA .‘lns na 111; on o na ne na 10 10 nn na 04 ne ne ‘l':’ nn 0 na ﬂf~7 ng 10 o on 03 na 06 ns '1: nL : n — na n& ng 10
08 | .08 08 0] T ™ 08 i 08 T HJ N\
Lot I B S e ! LT,
06 t + *o.6) ] ' 06 g IR 06 ] 10.6) 1t #7 -
0. | R . ;5 51 5 04 . 0.4 . . 04 . 4 L N 10
Focal Spikes Generalized Spikes Focal Spikes Generalized Spikes Focal Spikes Generalized Spikes
0z{ AUC=0.783 2 Uc=0.789 021 AUC=0.885 g AUC=0.895 0z{ AUC=0.888 2 AUC=0.784
EUC=66.8% EUC=88.4% EUC=82.8% EUC=73.9% EUC=89.0% EUC=81.4%
004 » 0.0| 0.0 0.04 ¢ 0.0 0.0
0.0 0.2 0.4 06 08 10 00 02 04 0.6 08 1.0 0.0 0.2 04 0.6 08 10 00 0.2 04 06 08 1.0 0.0 0.2 04 06 08 10 00 0.2 0.4 0.6 08 10

90



1048

1049

1050

1051

1052

Spike Localization

Seizure LPD GPD LRDA GRDA
AUC=0.988 AUC=0.991 AUC=0.987 AUC=1.000 AUC=1.000
EUC=68.9% EUC=74.0% EUC=82.1% EUC=73.2% EUC=89.1%

—
=, .
LU \
Bt :
LPD LRDA GRDA
AUC=0.889 AUC=1.000 AUC=1.000
EUC=84.6% EUC=69.7% EUC=82.3%
A

Seizure LPD GPD LRDA GRDA
AUC=0.942 AUC=0.997 AUC=0.962 AUC=0.972 AUC=0.964
EUC=44.9% EUC=55.3% EUC=59.7% EUC=100.0% EUC=100.0%

\
| \ =,
1 /N
| ==
- N
_i - e ]
L ‘ LPD GPD ] LRDA GRDA
79 \ AUC=0.941 AUC=0.5 AUC=0.240 AUC=0.195
3% EUC=72.6% EUC=59.4% EU 0% ;ur;x—em%/"

Seizure LPD GPD LRDA GRDA
AUC=1.000 AUC=0.906 AUC=0.959 AUC=0.982 AUC=1.000
EUC=58.8% EUC=54.4% EUC=40.5% EUC=47.7% EUC=77.9%

.I' gxi L\J —-—\--‘-\
- i ‘
\ =
e |‘ 1
{ \ |
"D | \ GPD' GRDA
AUC=0.849 \'1 AUC=0.823 AUC=1.000
% EUC=85.6% EUC=62.4% EUC=69.6%

91




1053

1054

1055

1056

\
Seizure I LPD GPD LRDA GRDA
AUC=0.896 AUC=0.982 AUC=0.945 AUC=0.997 AUC=0.989
EUC=65.3% EUC=73.0% EUC=62.3% EUC=75.7% EUC=74.6%
—r T = ——
MBI h e
\ —
I - \ 2 S
il I s
s ;’ |I o — T G; =
eiz 4 LPD "GPD GRDA,
AUC=0,787 AUC=0.912 AUC=0.802 AUC=0.868
EUC=82.0% EUC=91.1% EUC=735% EUC=80.0%
=
-
Seizure LPD GPD LRDA GRDA
AUC=0.973 AUC=0.962 AUC=0.990 AUC=0.987 AUC=1.000
EUC=64.7% EUC=72.5% EUC=58.5% EUC=83.7% EUC=91.4%
—L __‘-—'“-- e -'7-\
N\ =
\ \ === M
] Coee 1=
1T AF =N 1 |
‘ T n L m l"L‘—
‘Selzure | LPD GPb 1+ ;—P LRDA GRDA
AUC=0.824 AUC=0.836 AUC=0.872 AUC=0 AUC=1.000
EUC=95.5% EUC=87.0% EUC=84.3% EUC=771% EUC=83.6%
Seizure LPD GPD LRDA GRDA
AUC=0921 ||| AUC=0.968 AUC=0.965 AUC=0.933 AUC=0.978
EUC=49.6% EUC=81.4% EUC=61.9% EUC=87.2% EUC=59.4%
| X
| ’_‘3\‘. N
e
z 1 GRDA \[
AUC=0. AUC=0.845 [}
EUC=58.0 ""‘ EUC=88.1% EUC=81.6% EUC=63.9%
IIIC Classification

92



10 10 10 10 10 10
08 08 0.8 0.8 0.8 08
06 06 06 0.6 0.6 06
04 04 0.4 04 4 04
=l Awake N1 N2 f‘% Awake N1 N2
02 1T AUC=0.970 | oz AUC=0.597 | o2 AUC=0.982 0z AUC=0.993 | o2 AUC=0.641 | o2 AUC=0.948
EUC=59.4% EUC=33.0% EUC=27.0% 1 EUC=65.4% EUC=15.8% EUC=20.8%
0.0 ] 0.0 0.0 o 0.0
0.0 0.2 0.4 0.6 08 1.0 0.0 02 0.4 06 LX:] 1.0 0.0 0z 0.4 0.6 0.8 L0 0.0 02 04 0.6 o8 10 0.0 02 04 0.6 08 1.0 0.0 02 0.4 06 08 10
10 10 10 1.0 10 10
N
.
08 08 08 08 08 08
06 08 it 06 06 06 06
0. 04 04 0.4 0.4 04
Awake N1 i Awake N2
0z AUC=0.986 0z{ -AUC=0.098 i—— 0z{ AUC=0.973 0z{ AUC=0.997 02 02 AUC=0.821
EUC=76.0% EUC= Yo EUC=79.0% EUC=85.1% EUC=40.9%
0. 00 004 00 0.0 0.0
1 0.0 0.2 0.4 0.6 08 10 0.0 02 04 06 08 10 0.0 0.2 0.4 0.6 0.8 L0 00 02 04 06 0.8 10 0.0 02 04 06 08 1.0 ) 02 04 06 08 10
e e o 10 10 10
08 08 08 08 08 08
06 0.6 0.6 06 06 06
0.4 0.4 0.4
Awake N1 N2 “ Awake | N1 " N2
o2 1] AUC=0.995 | o2 AUC=0.648 | o2 AUC=0.993 el [T T AUC=0.973 |2 AUC=0.806 | o2 AUC=0.991
EUC=81.3% EUC=24.7% EUC=32.5% EUC=65.9% EUC=21.1% EUC=56.1%
0.0 0.0 0.0 X Y
0.0 0.2 0.4 06 08 10 0.0 0.2 0.4 06 08 10 0.0 02 04 06 0B 10 ° 00 02 o0 o6 o8 10 * 00 02 04 06 PY) 10 * Py 02 04 06 08 10
10 - -~ 10 T T 10 1.0 1.0 — e 1.0
WSS S.é { 1 b . ; {
08 | RN 0.8 JUNs I 0.8 08 08 A I - 08
+ =2 : . | "
s 06 + 06 06 i 4 o6
ATV
L o [
04 0a L . 04 04 04 04
Awake N2 Awake 1
021 AUC=0.998 02 10 TR 0z1 AUC=0.963 021 AUC=0.991 0z 7329 02
EUC=93.9% EUC=24" EUC=68.6% EUC=80.5% EUC=20.5%
o 00 00 00 0o« 00
1( % & % 5 ow i oo or @ e s 1o G oz os o5 @ 0 Wo 02 o1 s o8 1o 00 o2 oa os us 1o w02 o4 0s 08 1o
10 10 10 1.0 - T 1.0 1.0
o8 o8 o8 o 08 s Il 08 o
0.6 0.6 06 0.6 I 0.6 06
0.4 0.4 0.4 04 1 0.4 M oa4 W1
[l Awake N1 N2 1 Awake N1 i N2
02 f + AUC=0.985 | oz AUC=0.886 | o2 AUC=0.989 02 AUC=0.980 | oz AUC=0.610 | o2 AUC=0.985
EUC=74.2% EUC=47.0% EUC=39.0% +  EUC=62.1% EUC=40.6% | EUC=64.9%
00 oo 001 8 0.0 0.0 0.0
0.0 0.2 0.4 06 0.8 10 0.0 0.2 0.4 06 0.8 10 0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.0 02 0.4 0.6 08 10 0.0 02 0.4 0.6 0.8 1.0
1.0 1.0 1.0 1.0 1.0 10
== =y
08 LE) 08 0.8 T 0.8 08
06 06 e 06 06 g 06 06
0. 04 04 0.4 0.4 0.4
Awake =1 N2 Awake N1
oz{ AUC=0.995 0z{ AUC=0.56 024 AUC=0.936 024 AUC=0.997 021 -AUC=0.077 0z
EUC=88.7% EUC=46.5 EUC=58.5% EUC=91.3%
0.0 004« 004« 0.0 0.0 0o
1( %o 02 os s o8 1o 0o o2 o4 oe o8 10 oo 02 o4 us os 10 G0 02 o1 0s 08 1o oo w2 oa s o8 1o oo 02 o4 05 08 10

1060 Sleep Staging

93



Mol

m

1.05

0.90

~o ~N

(R?=0.726, p=0.031 %)
—— Quadratic (R*=0.951, vs Linear p=0.034 *)
— = Cubic (R*=0.978, vs Quad p=0.257 ns)

% Observed values

—== Linear

0 20 4 80 100

0 80
Age (Years) * p<0.05. * p<0.01, ** p<0.001; ns = not signficant

MoE Focal Spike - Morgoth Performance vs Age - Regression Analysis

110 /!
7
1.05 /
/

1.00 PaStla
095
e}
o
2090

085

===~ Linear (R*=0.531, p=0.100 ns)
080 ! —— Quadratic (R*=0.756, vs Linear p=0.195 ns)
075 _f — = Cubic (R*=0.957, vs Quad p=0.092 ns)
: / ¢ Observed values
0 20 40 80 100

60
Age (Years) *p<0.5.** p<0.01, *** p<0.001: s = not significant

Focal Slowing - Morgoth Performance vs Age - Regression Analysis MoE Generalized Slowing - Morgoth Performance vs Age - Regression Analysis MoE Bu

Analysis

st Suppression - Morgoth Performance vs Age - Regression

095 /' 1.050
T
0.00 1.025
0.85 1.000
© 080 0975
e} ]
o o
2075 30950
o0 ogzs|  /
K ===~ Linear (R*=0.528, p=0.102 ns) / === Linear (R*=0.005, p=0.892 ns)
065 / —— Quadratic (R*=0.769, vs Linear p=0.175 ns) 0800 —— Quadratic (R*=0,099, vs Linear p=0.616 ns)
0.60 _l —+= Cubic (R*=0.834, vs Quad p=0.468 ns) 0.875 — = Cubic (R*=0.433, vs Quad p=0.391 ns)
/ 4 Observed values ¢ Observed values
[ 20 40 60 100 0 20 40 60 100
Age (years) * p<005, * p<.01. ** p<.001: ns = not significant Age (years)* p=0.05,* p<0.01. ** p<0.001: ns = nt significant
MoE Focal Spike - Morgoth Performance vs Age - Regression Analysis MoE Generalized Spike - Morgoth Performance vs Age - Regression Analysis
2
110 7/ e
/ 1.00 -
1.05 /
ya 0.98
1.00 S
i 0.96
095 o
g goos
2090 2
092 -
0.85 -
—=- Linear (R?=0.531, p=0.100 ns) 0.80 - == Linear (R*=0.579, p=0.079 ns)
080 ; —— Quadratic (R*=0.756, vs Linear p=0.195 ns) 088 —— Quadratic (R?=0.743, vs Linear p=0.260 ns)
075 _/ —-= Cubic (R*=0.957, vs Quad p=0.092 ns) — = Cubic (R*=0.762, vs Quad p=0.729 ns)
: / ¢ Observed values 0.86 ¢ Observed values
0 20 £ 100 0 20 40 100

MoE lIC-Seizure - Morgath Performance vs Age - Regression Analysis

60
Age (years) *p=0.05.** p<D.01, ** p<D.001: ns = not significant

MoE IlIC-LPD - Morgoth Performance vs Age - Regression Analysis

80
Age (Years) * p<0.05. * p<0.01, *** p<0.001; ns = not significant

1.05
1.00
0.95 1.00
0.90
o o 0.95
g g
% o085 x
z 4
0.90
0.80
=== Linear (R*=0.062, p=0.635 ns) —=~- Linear (R*=0.348, p=0.218 ns) === Linear (R*=0.021, p=0.782 ns)
075 —— Quadratic (R*=0.506, vs Linear p=0.199 ns) —— Quadratic (R?=0.353, vs Linear p=0.887 ns) 085 ——— Quadratic (R?=0.145, vs Linear p=0.558 ns)
— -~ Cubic (R*=0.533, vs Quad p=0.769 ns) 080 —-= Cubic (R*=0.437, vs Quad p=0.639 ns) —-= Cubic (R*=0.731, vs Quad p=0.172 ns)
0.70 ¢  Observed values ¢ Observed values 0.80 ¢  Observed values
0 20 40 60 80 0 20 40 60 80 100 0 20 80 100

MoE IlIC-LRDA - Morgoth Performance vs Age - Regression Analysis

AGE (YERrs) * p<005,  p<001, “* <0003, ns = nct signicart

Age (Years) * p<0.05, * p<b.01, ** p<b.001: ns = not significant

Age (years) *ps0.0s,** pe0.01, " p<D.001: ns = not significant

MoE IIIC-GRDA - Morgoth Performance vs Age - Regression Analysis

102
\<
1.00 N L=
1.00 ——— .-
A
095 098 k
090 o 096 L
] \
S E; g
g5 2004 \
\
0.92 -
0.80 —=~ Linear (R*=0.011, p=0.841 ns) === Linear (R*=0.001, p=0.945 ns)
—— Quadratic (R*=0.203, vs Linear p=0.458 ns) 0.90 ——— Quadratic (R*=0.003, vs Linear p=0.956 ns)
075 —-= Cubic (R*=0.991, vs Quad p=0.006 *) — -~ Cubic (R?=0.337, vs Quad p=0.421 ns)
4 Observed values 088 ¢  Observed values
0 20 80 100 0 20 100

1064

AGE (YEars) * peo0s, = pe01, ™ pe0 001, s = not sgrifcont

0 60
Age (years) *p<00s.

* pRO.01, *** p<0.001; s = not significant

94

MoE IlIC-GPD - Morgoth Performance vs Age - Regression Analysis



MoE Awake - Morgoth Performance vs Age - Regression Analysis ~ MoE Sleep N1 - Morgoth Performance vs Age - Regression Analysis ~ MoE Sleep N2 - Morgoth Performance vs Age - Regression Analysis

124
1.00 150\
0.99 10 10l
0.98
8 8 os gos|
2 0.97 2 2
z E4 E4
0.96 0.0 kY 061 .
===~ Linear (R*=0.827, p=0.012 *) ===~ Linear (R*=0.368, p=0.202 ns) / === Linear (R*=0.153, p=0.443 ns)
0.95 —— Quadratic (R?=0.827, vs Linear p=0.990 ns) —— Quadratic (R=0.428, vs Linear p=0.612 ns) 1' ——— Quadratic (R*=0.624, vs Linear p=0.148 ns)
— = Cubic (R*>=0.833, vs Quad p=0.822 ns) .05 —+= Cubic (R*=0.991, vs Quad p=0.008 *) 04! _I' —+= Cubic (R*=0.928, vs Quad p=0.101 ns)
0.94 ¢ Observed values ¢ Observed values / ¢ Observed values
0 20 40 60 80 100 [] 20 40 60 80 100 o 20 40 60 80 100
1 Age (Years) * p<0.05.* p<0.01, *** p<0.001: ns = not significant Age (years) *p<00s, " p0.01, *** p<0.001; ns = not signiicant Age (years) *p<00s, " p<0.01, " p=0.001; ns = not significant

1066 (C) Internal MoE dataset: Average ROC curves (odd rows) and PR curves (even rows) for

1067 Morgoth (blue) and expert points with 95% Cls. The age groups from left to right and top to
1068 bottom are: [0, 20), [20, 30), [30, 50), [50, 60), [60, 70), and >70. Regression between age
1069 and AUC-RPC - if age significantly affect model performance. * p<0.05, ** p<0.01, ***
1070 p<0.001; ns = not significant.
10 P— —— 10 1.0 I—.i 1.0
08 : 0.8 H 08 ‘ % It 0.8
06 . 064 06 | 06
Normal Normal Normal Normal Normal
[ M th M th Morgoth Morgoth
0a PRyl O IR YY AUCS0.998 | ° AvCST 000 | ] AUC=0.959 | °* AUC=0.965
EUC=18.9% EUC=34.4% EUC=38.8% EUC=17.4% EUC=25.6%
02 SCORE-AI 0.2 SCORE-Al 02 SCORE-Al 0.2+ SCORE-Al 02 SCORE-AI
AUC=0.953 AUC=0.999 AUC=1.000 f AUC=1.000 AUC=1.000
EUC=13.1% EUC=39.4% J EUC=38.8% | .| EUC=23.4% EUC=35.1%
004 ¢ 0.04 004 ¢ ¢ 0.04 &
1.0 I — 1.0 - 10 = 1.0 - N
0.8 . ! 084 l 0.8 T 084
**1 Normal 1" Normal “1 Normal **1 Normal *1" Normal
Morgoth Margoth Morgoth 04l Morgoth 04 Morgoth
41 AUC=1.000 %41 AUC=0.998 ®41 AuC=1.000 AUC=0.928 AUC=0.890
EUC=60.5% EUC=49.7% EUC=47.2% EUC=34.5% EUC=15.9%
02{ SCORE-Al 02{ SCORE-AIl 02{ SCORE-AI 02{ SCORE-Al 02{ SCORE-Al
AUC=0.958 AUC=0.999 AUC=1.000 AUC=1.000 AUC=1.000
EUC=44.8% EUC=58.1% EUC=47.2% EUC=67.4% EUC=37.9%
004 0.04 001 e 004 ® 0.04
1 07 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0 D.‘U 9'2 0:4 G:G 0:8 l:ﬂ 0:0 0:2 Bjd 075 l)tﬂ IYU
SAl Normal - Morgoth Performance vs Age - Regression Analysis SAIl Normal - SCORE-AIl Performance vs Age - Regression Analysis
1.0 1.004 ____.__':_' o o —
—j="
09 095
gos g 00|
[ x
= 2
< <
0.85
0.7
=== Linear (R*=0.019, p=0.827 ns) === Linear (R*=0.025, p=0.799 ns)
06 ~——— Quadratic (R?=0.787, vs Linear p=0.115 ns) 0.80] —— Quadratic (R=0.153, vs Linear p=0.637 ns)
’ —-- Cubic (R*=0.858, vs Quad p=0.608 ns) —-= Cubic (R*=0.397, vs Quad p=0.640 ns)
% Observed values 0.75 $ Observed values
) 20 40 60 80 100 0 20 40 60 80 100
1 073 Age (years) *p<0.05, " p<0.01,** p<0.001; ns = not signiicant Age (years) * p<0.05, * pe0.01, *** p<0.001; ns = not significant
1074 Norma vs Abnormal

1075

95



1076

1077
1078

1079
1080

1081

/——'—‘ - t
7’—— M = )| /——
/ [l }
o *
Focal Slowing ?t Focal Slowing Focal Slowing Focal Slowing Focal Slowing
— Morgoth Morgoth Morgoth Morgoth Morgoth
AUC=0.989 AUC=0.975 . AUC=0.998 ! AUC=1.000 AUC=1.000
EUC=60.5% H— EUC=57.5% EUC=40.8% Y EUC=77.8% EUC=38.5%
SCORE-Al SCORE-Al SCORE-AI SCORE-AI SCORE-AI
AUC=0.911 ) AUC=0.858 AUC=0.998 AUC=0.819 AUC=0.946
EUC=42.9% EUC=43.5% . EUC=40.8% EUC=30.1% EUC=33.5%
— = = ——
T

RN

+

Age (years) *p<0.05." p<.01, *** p<0.001; s = not significant

Focal Slowing Detection

Focal Slowing Focal Slowirig; o Focal Slowing Focal Slowing Focal Slowing |
Morgoth —7 Morgoth 1 — = Morgoth Morgoth Morgoth
AUC=0.983 AUC=0.948 AUC=0.989 AUC=1.000 AUC=1.000
EUC=50.7% EUC=59.7% EUC=36.3% ! EUC=26.1% EUC=34.5%
SCORE-Al SCORE-Al SCORE-Al SCORE-Al SCORE-Al
AUC=0.884 AUC=0.785 AUC=0.989 AUC=0.749 AUC=0.934
EUC=45.2% EUC=42.9% . EUC=36.3% . EUC=11.9% . EUC=27.2%
0.0 02 04 0.6 0.8 1.0 0.0 02 04 0.6 08 10 0.0 0.2 0.4 06 0.8 10 0.0 0.2 0.4 06 0.8 1.0 0.0 0.2 0.4 0.6 08 1.0
SAl Focal Slowing - Morgoth Performance vs Age - Regression Analysis SAl Focal Slowing - SCORE-Al Performance vs Age - Regression Analysis
1.0 == 12
~.
0.9
10
0.8
© o
g gos
247 2
0.6 === Linear (R*=0.102, p=0.601 ns) 08 === Linear (R>=0.012, p=0.859 ns)
—— Quadratic (R*=0.568, vs Linear p=0.280 ns) —— Quadratic (R?=0.059, vs Linear p=0.783 ns)
— = Cubic (R?*=0.833, vs Quad p=0.427 ns) — = Cubic (R*=0.158, vs Quad p=0.789 ns)
0.5 ¢  Observed values 04 ¢ Observed values
0 20 40 60 80 100 0 20 60 80 100

Age (years) *p<0.05,* p<.01, *** p<0.001; ns = not significant

eneralized Slowing

Generalized Slowing

) i

=
==,

ﬁ Generalized Slowing

Ge

eralized Slowing

—

Generalized Slowing

Morgoth Morgoth | Morgoth ‘ Morgoth Morgoth
AUC=1.000 UC=0.907 i | AUC=0.993 AUC=0.935 AUC=0.934
© EUC=49.4% EUC=70.5% EUC=72.3% .| EUC=36.5% EUC=18.3%
SCORE-Al 1 SCORE-Al SCORE-Al SCORE-Al SCORE-Al
AUC=0.863 AUC=0.925 AUC=0.982 AUC=0.932 AUC=0.910
EUC=28.5% EUC=76.9% EUC=67.0% EUC=31.3% EUC=15.4%
——| — e (TS ~1
\ 4 ] ..
. |
} e
Generalized Slowing Generalized Slouring Generalized Slowing Generalized Slowin: Generalized Slowing
M::rgoth Morgof I D Morgoth | ,E._nrgom = - | Morgoth
AUC=1.000 AUC=0.860 L AUC=0.966 Hoy AUC=0.818 AUC=0.943
EUC=20.5% EUC=74.8% . me | EUC=36.9% EUC=28.3% EUC=41.8%
SCORE-AI 'SCORE-Al " — SCORE-AI SCORE-Al SCORE-Al
AUC=0.885 AUC=0.842 AUC=0.912 AUC=0.853 AUC=0.837
. EUC=11.9% . EUC=72.0% EUC=32.4% EUC=29.4% EUC=11.1%

0.0

0.2 0.4 06 0.8

0.0

0.2 0.4

0.6 0.8

0.2 0.4 06 0.8 1.0

02 0.4 0.6

0.2 0.4 06 08

96




SAl Generalized Slowing - Morgoth Performance vs Age - Regression Analysis SAl G?geralized Slowing - SCORE-AI Performance vs Age - Regression Analysis
12 ./'
4
10 R r L ./
7
1.0 . -
= e e Tt (ke T
/4F RaTTr P
Q o 08
gos g
2 2
< Ed
06
0.6
=== Linear (R?*=0.599, p=0.125 ns) ===~ Linear (R?=0.006, p=0.901 ns)
~——— Quadratic (R?=0.671, vs Linear p=0.576 ns) 04 ~——— Quadratic (R?=0.032, vs Linear p=0.837 ns)
04 — = Cubic (R*=0.741, vs Quad p=0.694 ns) ’ —-= Cubic (R*=0.862, vs Quad p=0.246 ns)
¢ Observed values $ Observed values
0 20 40 60 80 100 0 20 40 60 80 100
1 082 Age (years) - pe0.05,™ p<0.01, ™ p<D.001; s = not significant Age (years) *p<0.05, ™ p<0.01, ™" p<0.001: ns = not sigrificant
1083 Generalized Slowing Detection
i - — /_ T =
/ =7 s
S/ !
Focal Spike Focal Spike Focal Spike Focal Spike ¢+ Focal Spike
M h M th Morgoth Morgoth Morgoth
AUCD 580 AUC=0.961 AUC=0.931 B AUC=0.873 AUC=1.000
EUC=59.0% EUC=23.7% EUC=85.7% EUC=35.0% EUC=74.8%
SCORE-Al SCORE-Al SCORE-AI SCORE-AI SCORE-AI
AUC=0.876 AUC=0.978 i AUC=0.793 / AUC=0.896 AUC=1.000
EUC=57.2% EUC=31.9% ya% EUC=77.7% ! EUC=33.6% EUC=74.8%
- - N — .
o] N
! 3
{ I, A\
Focal Spike i Focal Spike Focal Spike Focal Spike N Focal Spike
Morgoth Morgoth Morgoth Morgoth Morgoth
AUC=0.985 AUC=0.938 AUC=0.649 AUC=0.804 AUC=1.000
EUC=42.9% EUC=29.6% EUC=70.9% EUC=43.8% EUC=44.4%
SCORE-Al SCORE-AI SCORE-Al SCORE-Al SCORE-Al
AUC=0.825 AUC=0.969 AUC=0.360 AUC=0.830 AUC=1.000
EUC=30.9% EUC=44.6% 'EUC=70.9% .EUC=48.2% _EUC=44.4%
1 0 8 5 0.0 02 0.4 0.6 0.8 1.0 0.0 02 0.4 06 0.8 10 0.0 02 04 0.6 0.8 10 0.0 0.2 0.4 06 08 1.0 0.0 02 04 0.6 08 10
%.gd Focal Spike - Morgoth Performance vs Age - Regression Analysis SAl Focal Slowing - SCORE-AI Performance vs Age - Regression Analysis
3 1.2
16
14 1.0
1.2
[} ©
g10 Sos
2 2
0.8
06 —=—~ Linear (R*=0.208, p=0.443 ns) 06 === Linear (R%=0.012, p=0.859 ns)
~—— Quadratic (R*=0.787, vs Linear p=0.144 ns) ~—— Quadratic (R*>=0.059, vs Linear p=0.783 ns)
04 —-- Cubic (R2=0.882, vs Quad p=0.535 ns) —-- Cubic (R*=0.158, vs Quad p=0.789 ns)
% Observed values 04 $ Observed values
0.2

80 100

0 20 60
Age (years) *p<0.05, " pe0.01, *** p<0.001: ns = not significant

1086

1087
1088
1089

80 100
Age (years) *p<0.05, " p<0.01, "™ p<0.001; ns = not significant

0 20

Focal Spike Detection

97




1090

1091
1092

1093
1094
1095
1096
1097
1098
1099
1100
1101

Generalized Spike
ﬁ Morgoth
AUC=1.000
EUC=35.7%
SCORE-Al
AUC=1.000
EUC=35.7%

Generalized Spike
Morgoth
AUC=0.971
EUC=36.3%
SCORE-Al
AUC=0.988
EUC=34.8%

Generalized Spike
Morgoth
AUC=1.000
EUC=21.6%
SCORE-Al
AUC=1.000
EUC=21.6%

Generalized Spike
Morgoth
AUC=1.000
EUC=56.3%
SCORE-AI
AUC=0.946
EUC=54.6%

Generalized Spike
Morgoth
AUC=1.000
EUC=39.5%
SCORE-Al
AUC=1.000
EUC=39.5%

+

Generalized Spike

Generalized Spike

Generalized Spike

Generalized Spike

Generalized Spike

Morgoth Morgoth Morgoth Morgoth Morgoth
AUC=1.000 AUC=0.871 AUC=1.000 AUC=1.000 AUC=1.000
EUC=21.4% EUC=25.9% EUC=29.1% EUC=52.7% EUC=39.5%
SCORE-AI SCORE-AI SCORE-AI| SCORE-AIl SCORE-AI
AUC=1.000 AUC=0.973 AUC=1.000 AUC=0.650 AUC=1.000
. EUC=21.4% EUC=33.7% EUC=29.1% . EUC=52.7% . EUC=39.5%
0.0 02 0.4 0.6 08 1.0 0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 10 0.0 0.2 04 0.6 0.8 1.0 0.0 0.2 0.4 0.6 08 1.0

SAl Generalized Spike - Morgoth Performance vs Age - Regression Analysis SAl Generalized Spike - SCORE-AI Performance vs Age - Regression Analysis

1.0 - 14 ]
/
12 /
0.9 K4
4 ¢ —— e
- — .
1.0
< ~—. —
08 o
g g
5 08
< <
0.7
0.6

—=~ Linear (R=0.000, p=0.972 ns)
06 ~—— Quadratic (R*=0.001, vs Linear p=0.988 ns)

—== Linear (R?=0.000, p=0.990 ns)
~—— Quadratic (R*=0.001, vs Linear p=0.976 ns)

—-= Cubic (R*=0.005, vs Quad p=0.959 ns) 04 —-- Cubic (R*=0.155, vs Quad p=0.743 ns)
$ Observed values ¢ Observed values
0 20 40 60 80 100 02t 20 40 60 80 100

Age (years) *p<0.05, ™ p<n.01, "™ p<p.001: ns = not significant Age (years) *p<0.05, ™ p<0.01, "™ p<0.001: ns = not significant

Generalized Spike Detection

(D) External SAI dataset: Average ROC curves (odd rows) and PR curves (even rows) for

Morgoth (blue), SCORE-AI (yellow) and expert points with 95% Cls. The age groups from
left to right are: [0, 10), [10, 30), [30, 50), [50, 70), and >70. Regression between age and
AUC-RPC - if age significantly affect model performance. * p<0.05, ** p<0.01, *** p<0.001;
ns = not significant.
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(E) External ON dataset: Average ROC curves (odd rows) and PR curves (even rows) for
Morgoth (blue) and expert points with 95% Cls. he age groups from left to right are: [0, 10),
[10, 20), [20, 40), [40, 70), and >70. Regression between age and AUC-RPC - if age
significantly affect model performance. * p<0.05, ** p<0.01, *** p<0.001; ns = not
significant.

Figure S23. Age Group Specific Performance Results on Multi-expert Scored Datasets

Table S4. Comprehensive Results of Morgoth, Baselines, and Experts based on Gender Group

(A) Internal ITIC-Test dataset

Class Model AUC-ROC (F) AUC-ROC (M) EUC-ROC (F) EUC-ROC (M) AUC-PR (F) AUC-PR (M) EUC-PR (M) EUC-PR (F)
Other Morgoth 0.988 (0.985, 0.991) 0.985 (0.982, 0.989) 99.9% (100.0%, 100.0%)  98.8% (96.7%, 100.0%) | 0.981(0.976, 0.984) 0.985 (0.981, 0.988) 98.8% (96.7%, 100.0%)  99.5% (96.7%, 100.0%)
Other Kaggle Winner | 0.892 (0.882, 0.900) 0.936 (0.928, 0.943) 40.9% (33.3%, 51.7%) 80.2% (70.0%, 90.0%) 0.853 (0.840, 0.865) 0.924 (0.913, 0.936) 77.2% (64.9%, 86.7%) 26.2% (16.7%, 35.1%)
Other SPaRCNet 0.777 (0.766, 0.788) 0.796 (0.781, 0.810) 1.2% (0.0%, 6.7%) 2.2% (0.0%, 3.3%) 0.617 (0.595, 0.640) 0.766 (0.745, 0.787) 1.6% (0.0%, 6.7%) 0.2% (0.0%, 3.3%)
Seizure  Morgoth 0.992 (0.990, 0.994) 0.976 (0.968, 0.983) 85.3% (76.7%, 90.0%) 67.9% (53.3%, 81.7%) 0.930 (0.908, 0.952) 0.702 (0.637, 0.779) 71.4% (56.7%, 90.0%) 92.3% (86.7%, 96.7%)
Seizure  Kaggle Winner | 0.956 (0.950, 0.961) 0.962 (0.946, 0.972) 32.7% (23.3%, 43.3%) 54.1% (36.7%, 68.4%) 0.769 (0.744, 0.796) 0.714 (0.659, 0.758) 58.2% (43.2%, 75.1%) 69.0% (60.0%, 80.0%)
Seizure  SPaRCNet 0.846 (0.836, 0.857) 0.881 (0.866, 0.899) 0.3% (0.0%, 3.3%) 2.2% (0.0%, 6.7%) 0.334 (0.308, 0.360) 0.275 (0.221, 0.330) 6.5% (0.0%, 15.1%) 16.1% (8.2%, 26.7%)
LPD Morgoth 0.989 (0.987, 0.991) 0.991 (0.987, 0.995) 100% (100%, 100%) 94.3% (86.7%, 100.0%) | 0.982 (0.979, 0.985) 0.971 (0.964, 0.979) 93.4% (86.7%, 100.0%)  100% (100%, 100%)
LPD Kaggle Winner | 0.932(0.926, 0.938) 0.967 (0.961, 0.973) 24.2% (16.7%, 33.3%) 63.8% (46.7%, 76.7%) 0.867 (0.855, 0.879) 0.881 (0.862, 0.898) 58.6% (44.9%, 73.3%) 42.0% (30.0%, 56.7%)
LPD SPaRCNet 0.827 (0.816, 0.837) 0.877 (0.862, 0.891) 0.2% (0.0%, 3.3%) 7.2% (0.0%, 15.1%) 0.732 (0.711, 0.750) 0.655 (0.616, 0.698) 8.0% (0.0%, 16.7%) 0.6% (0.0%, 3.3%)
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GPD Morgoth 0.996 (0.995, 0.997) 0.990 (0.986, 0.993) 99.3% (96.7%, 100.0%) 99.3% (96.7%, 100.0%) | 0.964 (0.951, 0.975) 0.955 (0.940, 0.966) 99.1% (94.9%, 100.0%)  99.3% (96.7%, 100.0%)
GPD Kaggle Winner | 0.983 (0.980, 0.986) 0.975 (0.968, 0.982) 93.1% (83.3%, 100.0%) 89.0% (78.2%, 98.4%) 0.860 (0.834, 0.886) 0.892 (0.868, 0.913) 83.6% (70.0%, 95.1%) 75.9% (60.0%, 86.7%)
GPD SPaRCNet 0.939 (0.926, 0.951) 0.917 (0.902, 0.929) 48.5% (30.0%, 70.2%) 31.1% (16.7%, 43.3%) 0.745 (0.705, 0.778) 0.735 (0.703, 0.765) 28.5% (16.7%, 40.0%) 31.6% (18.2%, 50.0%)
LRDA Morgoth 0.988 (0.983, 0.994) 0.992 (0.989, 0.996) 99.9% (96.7%, 100.0%) 97.5% (91.6%, 100.0%) | 0.873(0.831,0.912) 0.942 (0.921, 0.962) 96.4% (90.0%, 100.0%)  99.9% (98.2%, 100.0%)
LRDA Kaggle Winner 0.931(0.918, 0.944) 0.948 (0.936, 0.958) 76.2% (60.0%, 93.3%) 56.0% (41.6%, 73.3%) 0.451 (0.388, 0.508) 0.655 (0.606, 0.707) 62.0% (43.3%, 76.7%) 73.7% (54.9%, 93.3%)
LRDA SPaRCNet 0.835(0.807, 0.861) 0.890 (0.869, 0.907) 18.3% (3.3%, 36.7%) 26.6% (14.9%, 43.3%) 0.223(0.174, 0.271) 0.496 (0.434, 0.558) 33.9% (21.6%, 46.7%) 15.8% (1.6%, 30.0%)
GRDA Morgoth 0.993 (0.990, 0.995) 0.986 (0.981, 0.990) 98.0% (93.3%, 100.0%) 97.2% (93.3%, 100.0%) | 0.936 (0.913, 0.957) 0.941 (0.923, 0.957) 98.2% (93.3%, 100.0%)  97.5% (93.3%, 100.0%)
GRDA Kaggle Winner | 0.975(0.970, 0.979) 0.947 (0.938, 0.955) 78.3% (66.7%, 90.0%) 51.0% (33.3%, 66.7%) 0.740 (0.698, 0.780) 0.710 (0.666, 0.752) 60.3% (40.0%, 78.4%) 67.0% (50.0%, 80.0%)
GRDA SPaRCNet 0.929 (0.914, 0.941) 0.858 (0.842, 0.872) 30.9% (20.0%, 43.3%) 10.1% (6.7%, 16.7%) 0.560 (0.504, 0.611) 0.496 (0.439, 0.540) 13.8% (6.7%, 20.0%) 18.0% (10.0%, 30.0%)
1132 (B) Internal SN2-Test dataset
Model ROC AUC (F) ROC AUC (M) PR AUC (F) PRAUC (M) ROC EUC (F) ROC EUC (M) PR EUC (F) PR EUC (M)
Morgoth 1.000 (1.000, 1.000)  1.000 (1.000, 1.000) | 1.000 (1.000,1.000)  1.000 (1.000, 1.000) | 98.9% (91.7%,100.0%)  100.0% (100.0%, 100.0%) | 90.5% (83.3%, 95.8%)  93.0% (83.3%, 100.0%)
SpikeNet2 0.976 (0.959, 0.989) 0.978 (0.964, 0.990) 0.991 (0.983, 0.997) 0.992 (0.986, 0.997) 53.4% (33.3%, 75.0%) 65.5% (41.7%, 87.5%) 57.0% (37.5%, 79.2%) 74.4% (54.2%, 91.7%)
1135 (C) Internal MoE dataset
Task ROC AUC (F) ROC AUC (M) PR AUC (F) PR AUC (M) ROC EUC (F) ROC EUC (M) PR EUC (F) PR EUC (M)

IIC - Seizure 0.937 (0.869, 0.980) 0.978 (0.958, 0.997) 0.685 (0.515, 0.838) 0.797 (0.595, 0.967) 56.0% (27.3%, 84.2%) 47.0% (27.3%, 75.1%) 86.2% (68.2%, 100.0%) 94.6% (79.4%, 100.0%)
iC - LPD 0.962 (0.916,0.990)  0.963 (0.930,0.990) | 0.890 (0.801,0.954)  0.813 (0.655,0.921) | 81.6% (65.8%, 95.5%) 87.3% (70.3%, 100.0%) | 98.2% (93.1%, 100.0%)  95.0% (79.4%, 100.0%)
1iC - GPD 0.971(0.942,0.994)  0.962 (0.919,0.994) | 0.787(0.638,0.912)  0.771(0.586,0.935) | 57.0% (34.0%, 72.7%) 54.6% (24.9%, 84.2%) 82.9% (56.7%, 97.8%) 78.5% (50.0%, 100.0%)
IIC - LRDA 0.996 (0.988, 1.000) 0.966 (0.924, 0.997) 0.881 (0.632, 1.000) 0.800 (0.623, 0.938) 79.8% (63.6%, 90.9%) 77.9% (59.1%, 97.8%) 93.8% (79.4%, 100.0%) 96.6% (90.9%, 100.0%)
IlIC - GRDA nan (nan, nan) 0.994 (0.979, 1.000) 0.622 (0.011, 1.000) 0.897 (0.644, 1.000) 81.1% (65.8%, 100.0%) 57.3% (31.8%, 77.3%) 88.6% (59.1%, 100.0%) 88.9% (56.7%, 100.0%)

Focal Slowing
Generalized
Slowing

0.906 (0.874, 0.928)

0.870 (0.853, 0.894)

0.931 (0.911, 0.955)

0.863 (0.837, 0.889)

0.827 (0.783, 0.866)

0.839 (0.804, 0.867)

0.854 (0.800, 0.898)

0.854 (0.818, 0.887)

86.8% (77.3%, 95.5%)

94.0% (84.0%, 100.0%)

88.5% (79.4%, 95.5%)

95.7% (86.4%, 100.0%)

89.3% (81.8%, 95.5%)

94.4% (86.4%, 100.0%)

90.8% (81.8%, 97.8%)

97.0% (86.4%, 100.0%)

Focal Spikes

Generalized Spikes

0.959 (0.937, 0.974)

0.967 (0.948, 0.981)

0.953 (0.927, 0.971)

0.964 (0.934, 0.988)

0.849 (0.789, 0.891)

0.737(0.614, 0.821)

0.864 (0.793, 0.911)

0.798 (0.700, 0.889)

80.7% (63.6%, 93.3%)

74.0% (54.5%, 90.9%)

90.0% (79.4%, 100.0%)

76.6% (50.0%, 95.5%)

84.8% (70.3%, 95.5%)

85.2% (65.8%, 100.0%)

92.1% (86.4%, 100.0%)

86.5% (65.8%, 100.0%)

SPIKES

0.959 (0.944, 0.973)

0.947 (0.919, 0.973)

0.862 (0.818, 0.904)

0.862 (0.815, 0.921)

85.4% (68.2%, 97.8%)

86.5% (72.7%, 95.5%)

86.5% (70.3%, 97.8%)

88.7% (77.3%, 100.0%)

Burst Suppression

0.999 (0.997, 1.000)

0.999 (0.998, 1.000)

0.954 (0.877, 0.999)

0.965 (0.911, 0.996)

67.9% (50.0%, 81.8%)

85.0% (72.7%, 97.8%)

95.0% (81.8%, 100.0%)

98.1% (90.9%, 100.0%)

Awake

N1

N2

0.991 (0.983, 0.996)
0.684 (0.612, 0.762)

0.986 (0.973, 0.994)

0.982 (0.963, 0.996)
0.744 (0.596, 0.852)

0.979 (0.964, 0.992)

0.997 (0.994, 0.999)
0.127 (0.078, 0.182)

0.926 (0.851, 0.976)

0.993 (0.985, 0.998)
0.215 (0.071, 0.415)

0.917 (0.857, 0.964)

93.3% (81.8%, 100.0%)

11.9% (9.1%, 18.2%)

55.9% (22.7%, 72.7%)

93.5% (81.8%, 100.0%)

17.9% (9.1%, 29.7%)

51.8% (22.7%, 77.3%)

96.0% (86.4%, 100.0%)
12.0% (9.1%, 18.2%)

73.0% (43.1%, 100.0%)

94.2% (86.4%, 100.0%)
17.6% (9.1%, 27.3%)

60.1% (34.0%, 84.2%)

1137
1138
1139

(D) External SAI dataset

Task Model ROC AUC (F) ROC AUC (M) PRAUC (F) PRAUC (M) ROC EUC (F) ROC EUC (M) PREUC (F) PREUC (M)
Generalized Spike Morgoth 1.000 (1.000, 1.000) 0.975 (0.822, 1.000) 1.000 (1.000, 1.000) 0.933 (0.726, 1.000) 40.5% (36.1%, 42.9%)  35.7% (15.0%, 50.0%) | 40.5% (35.7%,49.3%)  22.9% (14.3%, 40.7%)
Generalized Spike SCORE-Al 0.997 (0.991, 1.000) 0.982 (0.889, 1.000) 0.977 (0.917, 1.000) 0.950 (0.667, 1.000) 26.2% (14.6%, 41.8%)  25.7% (15.0%,47.1%) | 28.6% (21.8%,35.4%)  25.7% (14.3%, 42.1%)
Focal Spike Morgoth 0.968 (0.816, 1.000) 0.918 (0.686, 1.000) 0.903 (0.659, 1.000) 0.889 (0.630, 1.000) 48.1% (23.9%, 76.1%)  46.4% (17.7%,75.2%) | 46.2% (28.6%,76.1%)  47.1% (13.9%, 68.0%)
Focal Spike SCORE-Al 0.916 (0.799, 1.000) 0.954 (0.816, 1.000) 0.786 (0.500, 1.000) 0.865 (0.433, 1.000) 26.2% (14.3%, 47.5%)  52.1% (21.4%,82.3%) | 24.3% (14.3%,40.4%)  47.1% (24.8%, 71.4%)
Focal Slowing Morgoth 0.974 (0.833, 1.000) 0.990 (0.918, 1.000) 0.961(0.679, 1.000) 0.988 (0.900, 1.000) 54.3% (42.9%, 64.3%)  62.1% (42.9%,77.0%) | 49.3% (28.6%, 64.3%)  61.4% (30.2%, 84.1%)
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Focal Slowing SCORE-Al 0.827 (0.562, 0.988) 0.959 (0.898, 1.000) 0.731(0.313, 0.959) 0.919(0.772, 1.000) 17.5% (0.0%, 35.7%) 41.4% (21.4%, 69.8%) | 22.1% (3.4%, 35.7%) 39.3% (15.9%, 57.1%)
Generalized Slowing __Morgoth 0.961 (0.838, 1.000) 0.954 (0.852, 1.000) 0.921(0.759, 1.000) 0.930 (0.802, 1.000) 45.0% (28.6%, 73.8%)  37.9% (21.4%,57.1%) | 45.0% (30.2%,57.1%)  36.4% (28.6%, 48.4%)
Generalized Slowing  SCORE-AI 0.932 (0.840, 1.000) 0.963 (0.889, 1.000) 0.772 (0.568, 1.000) 0.913(0.602, 1.000) 35.0% (15.9%, 55.5%)  42.1% (28.6%, 66.6%) | 29.3% (15.9%, 42.9%)  33.6% (23.0%, 42.9%)
Normal Morgoth 0.995 (0.950, 1.000) 0.971(0.874, 1.000) 0.997 (0.967, 1.000) 0.930 (0.726, 1.000) 49.1% (28.6%, 64.3%)  22.6% (3.4%, 35.7%) 59.8% (42.9%, 78.6%)  37.4% (7.1%, 75.2%)

Normal SCORE-Al 0.991 (0.919, 1.000) 1.000 (1.000, 1.000) 0.993 (0.939, 1.000) 1.000 (1.000, 1.000) 45.8% (21.4%, 68.0%)  29.4% (14.3%,35.7%) | 52.7% (21.4%,75.2%)  61.7% (35.7%, 78.6%)

1140
1141
1142
1143

(E) External ON dataset

Task

ROC AUC (F)

ROCAUC (M)

PRAUC (F)

PRAUC (M)

ROCEUC (F)

ROCEUC (M)

PREUC (F)

PREUC (M)

Focal Slowing

0.998 (0.987, 1.000)

0.873 (0.689, 0.995)

0.987 (0.910, 1.000)

0.742 (0.382, 0.975)

82.0% (67.7%, 89.5%)

38.3% (7.1%, 78.6%)

47.9% (10.5%, 57.1%)

31.6% (0.0%, 71.4%)

Generalized Slowing

0.847 (0.714, 0.950)

0.966 (0.916, 1.000)

0.698 (0.430, 0.878)

0.878 (0.687, 1.000)

24.7% (0.0%, 71.4%)

56.8% (14.3%, 92.9%)

24.1% (0.0%, 71.4%)

45.6% (7.1%, 78.6%)

Focal Spike

0.874 (0.737, 0.970)

1.000 (1.000, 1.000)

0.754 (0.500, 0.931)

1.000 (1.000, 1.000)

11.5% (0.0%, 42.9%)

63.6% (42.7%, 78.6%)

15.9% (0.0%, 50.0%)

46.5% (14.3%, 57.1%)

Generalized Spike

0.999 (0.994, 1.000)

0.995 (0.978, 1.000)

0.995 (0.968, 1.000)

0.970 (0.869, 1.000)

47.1% (21.4%, 57.1%)

39.8% (14.3%, 57.1%)

31.0% (7.1%, 57.1%)

32.4% (7.1%, 64.3%)

1144
1145
1146
1147
1148
1149
1150

Table S5 Significance Test of Gender Group Results

(A) Internal ITIC-Test dataset

Class Model | Metric Mean F Mean M p-value
Other Morgoth AUC-ROC 0.988 0.985 1.276 0.2021
Other Morgoth EUC-ROC 99.9 98.8 1.307 0.1913
Other Morgoth AUC-PR 0.981 0.985 -1.475 0.1402
Other Morgoth EUC-PR 99.5 98.8 0.588 0.5566
Other Kaggle Winner AUC-ROC 0.892 0.936 -7.361 0
Other Kaggle Winner EUC-ROC 40.9 80.2 -5.669 0
Other Kaggle Winner AUC-PR 0.853 0.924 -8.193 0
Other Kaggle Winner EUC-PR 26.2 77.2 -7.008 0
Other SPaRCNet AUC-ROC 0.777 0.796 -2.046 0.0407
Other SPaRCNet EUC-ROC 1.2 2.2 -0.525 0.5997
Other SPaRCNet AUC-PR 0.617 0.766 -9.489 0
Other SPaRCNet EUC-PR 0.2 1.6 -0.735 0.4625
Seizure Morgoth AUC-ROC 0.992 0.976 4.04 0.0001
Seizure Morgoth EUC-ROC 85.3 67.9 2.175 0.0296
Seizure Morgoth AUC-PR 0.93 0.702 6.012 0
Seizure Morgoth EUC-PR 92.3 71.4 2.356 0.0185
Seizure Kaggle Winner AUC-ROC 0.956 0.962 -0.833 0.4048
Seizure Kaggle Winner EUC-ROC 32.7 54.1 -2.238 0.0252
Seizure Kaggle Winner AUC-PR 0.769 0.714 1.928 0.0539
Seizure Kaggle Winner EUC-PR 69 58.2 1.124 0.2608
Seizure SPaRCNet AUC-ROC 0.846 0.881 -3.508 0.0005
Seizure SPaRCNet EUC-ROC 0.3 2.2 -0.997 0.3186
Seizure SPaRCNet AUC-PR 0.334 0.275 1.915 0.0555
Seizure SPaRCNet EUC-PR 16.1 6.5 1.576 0.1151
LPD Morgoth AUC-ROC 0.989 0.991 -0.877 0.3807
LPD Morgoth EUC-ROC 100 94.3 1.68 0.093
LPD Morgoth AUC-PR 0.982 0.971 2.669 0.0076

103




1151
1152
1153

LPD Morgoth EUC-PR 100 93.4 1.945 0.0517
LPD Kaggle Winner AUC-ROC 0.932 0.967 -8.085 0
LPD Kaggle Winner EUC-ROC 24.2 63.8 -4.528 0
LPD Kaggle Winner AUC-PR 0.867 0.881 -1.268 0.2046
LPD Kaggle Winner EUC-PR 42 58.6 -1.669 0.095
LPD SPaRCNet AUC-ROC 0.827 0.877 -5.474 0
LPD SPaRCNet EUC-ROC 0.2 7.2 -1.775 0.0758
LPD SPaRCNet AUC-PR 0.732 0.655 3.324 0.0009
LPD SPaRCNet EUC-PR 0.6 8 -1.704 0.0884
GPD Morgoth AUC-ROC 0.996 0.99 3.231 0.0012
GPD Morgoth EUC-ROC 99.3 99.3 0 1
GPD Morgoth AUC-PR 0.964 0.955 0.997 0.3187
GPD Morgoth EUC-PR 99.3 99.1 0.129 0.8973
GPD Kaggle Winner AUC-ROC 0.983 0.975 2.059 0.0395
GPD Kaggle Winner EUC-ROC 93.1 89 0.613 0.5397
GPD Kaggle Winner AUC-PR 0.86 0.892 -1.824 0.0681
GPD Kaggle Winner EUC-PR 75.9 83.6 -0.824 0.4101
GPD SPaRCNet AUC-ROC 0.939 0.917 2.344 0.0191
GPD SPaRCNet EUC-ROC 48.5 31.1 1.415 0.1571
GPD SPaRCNet AUC-PR 0.745 0.735 0.409 0.6823
GPD SPaRCNet EUC-PR 31.6 28.5 0.308 0.7579
LRDA Morgoth AUC-ROC 0.988 0.992 -1.203 0.2291
LRDA Morgoth EUC-ROC 99.9 97.5 1.042 0.2972
LRDA Morgoth AUC-PR 0.873 0.942 -2.979 0.0029
LRDA Morgoth EUC-PR 99.9 96.4 1.35 0.1769
LRDA Kaggle Winner AUC-ROC 0.931 0.948 -1.957 0.0504
LRDA Kaggle Winner EUC-ROC 76.2 56 1.722 0.085
LRDA Kaggle Winner AUC-PR 0.451 0.655 -5.098 0
LRDA Kaggle Winner EUC-PR 73.7 62 0.901 0.3675
LRDA SPaRCNet AUC-ROC 0.835 0.89 -3.265 0.0011
LRDA SPaRCNet EUC-ROC 18.3 26.6 -0.742 0.458
LRDA SPaRCNet AUC-PR 0.223 0.496 -6.798 0
LRDA SPaRCNet EUC-PR 15.8 33.9 -1.872 0.0612
GRDA Morgoth AUC-ROC 0.993 0.986 2.665 0.0077
GRDA Morgoth EUC-ROC 98 97.2 0.331 0.7407
GRDA Morgoth AUC-PR 0.936 0.941 -0.352 0.7245
GRDA Morgoth EUC-PR 97.5 98.2 -0.29 0.7721
GRDA Kaggle Winner AUC-ROC 0.975 0.947 5.706 0
GRDA Kaggle Winner EUC-ROC 78.3 51 2.628 0.0086
GRDA Kaggle Winner AUC-PR 0.74 0.71 0.99 0.3223
GRDA Kaggle Winner EUC-PR 67 60.3 0.539 0.5899
GRDA SPaRCNet AUC-ROC 0.929 0.858 6.896 0
GRDA SPaRCNet EUC-ROC 30.9 10.1 3.216 0.0013
GRDA SPaRCNet AUC-PR 0.56 0.496 1.705 0.0882
GRDA SPaRCNet EUC-PR 18 13.8 0.685 0.493
(B) Internal SN2-Test dataset
Model ‘ Metric Mean F Mean M z p-value
Morgoth ROC AUC
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1154
1155
1156

(C) Internal MoE dataset

Morgoth PR AUC 1 1
Morgoth ROC EUC 98.9 100 -0.52 0.6034
Morgoth PR EUC 90.5 93 -0.47 0.6385
SpikeNet2 ROC AUC 0.976 0.978 -0.197 0.8434
SpikeNet2 PR AUC 0.991 0.992 -0.22 0.8257
SpikeNet2 ROC EUC 53.4 65.5 -0.766 0.4438
SpikeNet2 PR EUC 57 74.4 -1.216 0.2239
Task | Metric Mean F Mean M z p-value
11IC - Seizure ROC AUC 0.937 0.978 -1.366 0.1719
1IC - Seizure PR AUC 0.685 0.797 -0.891 0.3728
IIIC - Seizure ROC EUC 56 47 0.475 0.635
11IC - Seizure PR EUC 86.2 94.6 -0.869 0.3848
1IC - LPD ROC AUC 0.962 0.963 -0.041 0.9672
IlIC- LPD PR AUC 0.89 0.813 0.984 0.3253
IlIC- LPD ROC EUC 81.6 87.3 -0.532 0.5947
1IC - LPD PR EUC 98.2 95 0.577 0.5637
11IC - GPD ROC AUC 0.971 0.962 0.387 0.6991
1lIC - GPD PR AUC 0.787 0.771 0.141 0.8876
11IC - GPD ROC EUC 57 54.6 0.133 0.8943
11IC - GPD PR EUC 82.9 78.5 0.266 0.7899
1IIC - LRDA ROC AUC 0.996 0.966 1.59 0.1119
1IIC - LRDA PR AUC 0.881 0.8 0.655 0.5122
11IC - LRDA ROC EUC 79.8 77.9 0.157 0.875
1IIC - LRDA PREUC 93.8 96.6 -0.487 0.626
11IC - GRDA ROC AUC nan nan nan nan
11IC - GRDA PR AUC 0.622 0.897 -1.026 0.3051
11IC - GRDA ROC EUC 81.1 57.3 1.639 0.1012
1IIC - GRDA PR EUC 88.6 88.9 -0.02 0.9842
Focal Slowing ROC AUC 0.906 0.931 -1.407 0.1595
Focal Slowing PR AUC 0.827 0.854 -0.824 0.4099
Focal Slowing ROC EUC 86.8 88.5 -0.274 0.7839
Focal Slowing PR EUC 89.3 90.8 -0.279 0.7801
Generalized Slowing ROC AUC 0.87 0.863 0.414 0.6786
Generalized Slowing PR AUC 0.839 0.854 -0.629 0.5291
Generalized Slowing ROC EUC 94 95.7 -0.317 0.751
Generalized Slowing PR EUC 94.4 97 -0.53 0.5962
Focal Spikes ROC AUC 0.959 0.953 0.409 0.6825
Focal Spikes PR AUC 0.849 0.864 -0.377 0.7062
Focal Spikes ROC EUC 80.7 90 -1.009 0.3132
Focal Spikes PR EUC 84.8 92.1 -0.999 0.3176
Generalized Spikes ROC AUC 0.967 0.964 0.186 0.8526
Generalized Spikes PR AUC 0.737 0.798 -0.853 0.3936
Generalized Spikes ROC EUC 74 76.6 -0.175 0.8611
Generalized Spikes PR EUC 85.2 86.5 -0.105 0.9161
SPIKES ROC AUC 0.959 0.947 0.767 0.4428
SPIKES PR AUC 0.862 0.862 0 1
SPIKES ROC EUC 85.4 86.5 -0.115 0.9081
SPIKES PREUC 86.5 88.7 -0.242 0.8089
Burst Suppression ROC AUC 0.999 0.999 0 1
Burst Suppression PR AUC 0.954 0.965 -0.29 0.7718
Burst Suppression ROC EUC 67.9 85 -1.655 0.098
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Burst Suppression PR EUC 95 98.1 -0.597 0.5504
Awake ROC AUC 0.991 0.982 0.995 0.3199
Awake PR AUC 0.997 0.993 1.126 0.2603
Awake ROC EUC 93.3 93.5 -0.03 0.9757
Awake PR EUC 96 94.2 0.367 0.7137
N1 ROC AUC 0.684 0.744 -0.793 0.428
N1 PR AUC 0.127 0.215 -0.96 0.3371
N1 ROC EUC 11.9 17.9 -1.044 0.2963
N1 PR EUC 12 17.6 -1.079 0.2807
N2 ROC AUC 0.986 0.979 0.784 0.433
N2 PR AUC 0.926 0.917 0.214 0.8302
N2 ROC EUC 55.9 51.8 0.217 0.8281
N2 PR EUC 73 60.1 0.666 0.5051
1157
1158
1159 (D) External SAI dataset
1160
Task | Model Metric Mean F Mean M z p-value
Generalized Spike Morgoth ROC AUC 1 0.975 0.551 0.5819
Generalized Spike Morgoth PRAUC 1 0.933 0.959 0.3378
Generalized Spike Morgoth ROC EUC 40.5 35.7 0.528 0.5977
Generalized Spike Morgoth PR EUC 40.5 22.9 2.323 0.0202
Generalized Spike SCORE-AI ROC AUC 0.997 0.982 0.528 0.5975
Generalized Spike SCORE-AI PR AUC 0.977 0.95 0.308 0.7578
Generalized Spike SCORE-AI ROC EUC 26.2 25.7 0.047 0.9628
Generalized Spike SCORE-AI PR EUC 28.6 25.7 0.367 0.7134
Focal Spike Morgoth ROC AUC 0.968 0.918 0.539 0.5902
Focal Spike Morgoth PRAUC 0.903 0.889 0.109 0.9131
Focal Spike Morgoth ROC EUC 48.1 46.4 0.086 0.9316
Focal Spike Morgoth PR EUC 46.2 47.1 -0.049 0.9609
Focal Spike SCORE-AI ROC AUC 0.916 0.954 -0.547 0.5846
Focal Spike SCORE-AI PRAUC 0.786 0.865 -0.41 0.6821
Focal Spike SCORE-AI ROC EUC 26.2 52.1 -1.464 0.1433
Focal Spike SCORE-AI PR EUC 34.3 47.1 -1.673 0.1943
Focal Slowing Morgoth ROC AUC 0.974 0.99 -0.337 0.736
Focal Slowing Morgoth PR AUC 0.961 0.988 -0.315 0.7529
Focal Slowing Morgoth ROC EUC 54.3 62.1 -0.759 0.4476
Focal Slowing Morgoth PR EUC 49.3 61.4 -0.734 0.4632
Focal Slowing SCORE-AI ROC AUC 0.827 0.959 -1.181 0.2375
Focal Slowing SCORE-AI PRAUC 0.731 0.919 -1.076 0.282
Focal Slowing SCORE-AI ROC EUC 17.5 41.4 -1.558 0.1193
Focal Slowing SCORE-AI PR EUC 22.1 39.3 -1.288 0.1978
Generalized Slowing Morgoth ROC AUC 0.961 0.954 0.125 0.9005
Generalized Slowing Morgoth PR AUC 0.921 0.93 -0.113 0.9099
Generalized Slowing Morgoth ROC EUC 45 37.9 0.483 0.6289
Generalized Slowing Morgoth PR EUC 45 36.4 1.009 0.3128
Generalized Slowing SCORE-AI ROC AUC 0.932 0.963 -0.624 0.5326
Generalized Slowing SCORE-AI PR AUC 0.772 0.913 -0.941 0.3467
Generalized Slowing SCORE-AI ROC EUC 35 42.1 -0.507 0.6121
Generalized Slowing SCORE-AI PR EUC 29.3 33.6 -0.503 0.6153
Normal Morgoth ROC AUC 0.995 0.971 0.694 0.4877
Normal Morgoth PRAUC 0.997 0.93 0.952 0.3413
Normal Morgoth ROC EUC 49.1 42.6 1.158 0.1309
Normal Morgoth PR EUC 59.8 37.4 1.142 0.2535
Normal SCORE-AI ROC AUC 0.991 1 -0.436 0.6632
Normal SCORE-AI PRAUC 0.993 1 -0.45 0.6528
Normal SCORE-AI ROC EUC 45.8 29.4 1.254 0.21
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1161
1162
1163
1164

1165

1166

1167

| Normal

SCORE-AI PR EUC 52.7 61.7 0.6082
(E) External ON dataset
Task Metric Mean F Mean M z p-value
Focal Slowing ROC AUC 0.998 0.873 1.6 0.1096
Focal Slowing PRAUC 0.987 0.742 1.601 0.1093
Focal Slowing ROC EUC 82 38.3 2.292 0.0219
Focal Slowing PR EUC 47.9 31.6 0.749 0.4536
Generalized Slowing ROC AUC 0.847 0.966 -1.862 0.0626
Generalized Slowing PR AUC 0.698 0.878 -1.291 0.1967
Generalized Slowing ROC EUC 24.7 56.8 -1.185 0.236
Generalized Slowing PR EUC 24.1 45.6 -0.834 0.4042
Focal Spike ROC AUC 0.874 1 -2.12 0.034
Focal Spike PRAUC 0.754 1 -2.237 0.0253
Focal Spike ROC EUC 11.5 63.6 -3.651 0.0003
Focal Spike PR EUC 15.9 46.5 -1.823 0.0684
Generalized Spike ROC AUC 0.999 0.995 0.688 0.4917
Generalized Spike PR AUC 0.995 0.97 0.727 0.4674
Generalized Spike ROC EUC 47.1 39.8 0.513 0.6076
Generalized Spike PR EUC 31 32.4 -0.072 0.9424

Table S7 Comprehensive Results of Morgoth, Baselines, and Experts based on Age Group

(A) Internal ITIC-Test dataset

Model | Class ‘ Age Group ‘ AUC-ROC AUC-PR | EUC-ROC ‘ EUC-PR
Morgoth GPD 11C 1-10 0.922 (0.856, 0.961) 0.871 (0.776, 0.930) 47.4% (20.3%, 70.4%) 46.7% (18.5%, 70.4%)
Morgoth GPD I1IC 10-20 0.982 (0.958, 0.996) 0.907 (0.796, 0.975) 71.9% (51.6%, 93.3%) 67.6% (43.3%, 90.0%)
Morgoth GPD I11C 20-30 0.987 (0.979, 0.994) 0.943 (0.907, 0.971) 88.3% (74.9%, 96.7%) 86.6% (73.3%, 96.7%)
Morgoth GPD I11C 30-40 0.997 (0.994, 0.999) 0.994 (0.986, 0.998) 99.1% (96.7%, 100.0%) 98.9% (96.7%, 100.0%)
Morgoth GPD I11C 40-50 0.996 (0.991, 1.000) 0.965 (0.914, 1.000) 92.6% (83.3%, 100.0%) 88.7% (74.9%, 96.7%)
Morgoth GPD I11C 50-60 0.997 (0.993, 1.000) 0.989 (0.979, 0.997) 99.7% (96.7%, 100.0%) 99.7% (96.7%, 100.0%)
Morgoth GPD 11IC 60-70 0.997 (0.994, 0.998) 0.939 (0.901, 0.971) 95.9% (88.2%, 100.0%) 92.2% (83.3%, 100.0%)
Morgoth GPD 111 70-80 0.994 (0.991, 0.996) 0.938 (0.908, 0.964) 92.7% (83.3%, 100.0%) 91.1% (83.3%, 98.4%)
Morgoth GPD 111C 80-90 0.998 (0.995, 0.999) 0.982 (0.968, 0.994) 95.5% (86.7%, 100.0%) 89.0% (81.6%, 93.3%)
Morgoth GPD 11C >90 0.994 (0.984, 1.000) 0.912 (0.791, 1.000) 83.3% (70.0%, 100.0%) 64.7% (53.3%, 75.1%)
Morgoth GRDA 11C 1-10 0.980 (0.951, 1.000) 0.781 (0.375, 1.000) 76.6% (63.0%, 100.0%) 63.7% (46.2%, 79.7%)
Morgoth GRDA I1IC 10-20 0.986 (0.974, 0.997) 0.943 (0.878, 0.986) 84.1% (70.0%, 96.7%) 71.9% (58.2%, 83.3%)
Morgoth GRDA I11C 20-30 0.979 (0.965, 0.991) 0.943 (0.896, 0.978) 85.9% (73.3%, 96.7%) 86.1% (74.9%, 96.7%)
Morgoth GRDA I11C 30-40 0.994 (0.988, 0.998) 0.984 (0.971, 0.994) 92.2% (83.3%, 100.0%) 89.5% (80.0%, 96.7%)
Morgoth GRDA 111 40-50 0.987 (0.977, 0.995) 0.949 (0.913, 0.979) 85.5% (73.3%, 96.7%) 84.8% (73.3%, 96.7%)
Morgoth GRDA I11C 50-60 0.987 (0.979, 0.995) 0.871 (0.783, 0.945) 91.7% (80.0%, 96.7%) 87.1% (71.6%, 95.1%)
Morgoth GRDA I1IC 60-70 0.995 (0.991, 0.998) 0.944 (0.912, 0.973) 93.4% (86.7%, 100.0%) 86.9% (80.0%, 93.3%)
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Morgoth
Morgoth
Morgoth
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GRDA

GRDA
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LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

111C 70-80

111IC 80-90

111C >90

lnco-1

Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40

111C 40-50

111IC 50-60

111C 60-70

111IC 70-80

111C 80-90

111C >90

Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40

111C 40-50

111IC 50-60

111C 60-70

111IC 70-80

111C 80-90

111C >90

nco-1

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

lnco-1

Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40

111C 40-50

111IC 50-60

111C 60-70

0.990 (0.984, 0.994)
0.994 (0.988, 0.999)
0.990 (0.973, 1.000)
0.970 (0.908, 1.000)
0.906 (0.754, 0.992)
0.981 (0.968, 0.993)
0.993 (0.986, 0.999)
0.980 (0.966, 0.994)
0.994 (0.986, 0.999)
0.996 (0.994, 0.998)
0.987 (0.983, 0.991)
0.993 (0.990, 0.996)
0.991 (0.988, 0.994)
0.998 (0.994, 1.000)
1.000 (1.000, 1.000)
0.989 (0.975, 1.000)
0.988 (0.979, 0.995)
0.999 (0.997, 1.000)
0.990 (0.984, 0.996)
0.997 (0.993, 0.999)
0.984 (0.968, 0.996)
0.992 (0.987, 0.995)
0.982 (0.969, 0.993)
0.991 (0.976, 1.000)
0.941 (0.873, 0.995)
0.967 (0.936, 0.989)
0.957 (0.930, 0.977)
0.981 (0.970, 0.990)
0.988 (0.980, 0.995)
0.987 (0.978, 0.994)
0.991 (0.986, 0.996)
0.989 (0.986, 0.992)
0.991 (0.988, 0.993)
0.984 (0.977, 0.991)
0.992 (0.983, 0.999)
0.735 (0.459, 0.939)
0.845 (0.771, 0.917)
0.969 (0.951, 0.987)
0.978 (0.967, 0.987)
0.991 (0.984, 0.997)
0.975 (0.945, 0.995)
0.995 (0.991, 0.997)

0.993 (0.989, 0.996)

0.929 (0.894, 0.958)
0.900 (0.814, 0.963)
0.923 (0.794, 1.000)
0.896 (0.638, 1.000)
0.803 (0.630, 0.940)
0.963 (0.933, 0.984)
0.975 (0.945, 0.993)
0.648 (0.428, 0.852)
0.989 (0.975, 0.998)
0.990 (0.982, 0.995)
0.977 (0.970, 0.983)
0.983 (0.975, 0.989)
0.988 (0.983, 0.992)
0.996 (0.987, 1.000)
1.000 (1.000, 1.000)
0.426 (0.143, 1.000)
0.919 (0.870, 0.966)
0.938 (0.715, 1.000)
0.892 (0.781, 0.956)
0.967 (0.940, 0.987)
0.917 (0.877, 0.952)
0.930 (0.895, 0.957)
0.855 (0.774, 0.923)
0.847 (0.559, 1.000)
0.958 (0.897, 0.996)
0.934 (0.872, 0.983)
0.950 (0.920, 0.972)
0.964 (0.941, 0.983)
0.982 (0.971, 0.992)
0.980 (0.961, 0.993)
0.989 (0.984, 0.994)
0.984 (0.979, 0.989)
0.991 (0.987, 0.994)
0.970 (0.959, 0.980)
0.995 (0.989, 0.999)
0.271 (0.064, 0.631)
0.521 (0.379, 0.691)
0.707 (0.490, 0.853)
0.858 (0.786, 0.912)
0.855 (0.740, 0.955)
0.591 (0.328, 0.842)
0.842 (0.719, 0.940)

0.972 (0.954, 0.986)

92.3% (83.3%, 100.0%)
89.2% (76.7%, 98.4%)
93.1% (83.3%, 100.0%)
75.5% (38.1%, 100.0%)
47.3% (27.7%, 81.5%)
82.3% (66.7%, 93.3%)
87.5% (78.2%, 93.3%)
65.4% (50.0%, 83.3%)
90.7% (80.0%, 96.7%)
98.2% (93.3%, 100.0%)
94.7% (86.7%, 100.0%)
95.8% (90.0%, 100.0%)
96.6% (91.6%, 100.0%)
81.9% (61.6%, 100.0%)
100.0% (100.0%, 100.0%)
99.6% (95.0%, 100.0%)
92.2% (83.3%, 100.0%)
96.4% (84.8%, 100.0%)
84.7% (71.6%, 96.7%)
96.7% (93.3%, 100.0%)
94.0% (86.7%, 100.0%)
95.7% (88.2%, 100.0%)
85.2% (73.3%, 96.7%)
97.0% (90.0%, 100.0%)
51.9% (28.6%, 81.0%)
68.3% (51.9%, 90.8%)
85.1% (70.0%, 96.7%)
91.8% (83.3%, 96.7%)
96.1% (93.3%, 100.0%)
92.1% (83.3%, 100.0%)
96.1% (93.3%, 96.7%)
99.4% (96.7%, 100.0%)
99.6% (96.7%, 100.0%)
96.6% (90.0%, 100.0%)
81.4% (70.0%, 93.3%)
85.3% (33.3%, 100.0%)
18.8% (7.4%, 29.6%)
43.3% (26.7%, 66.7%)
67.3% (53.3%, 83.3%)
68.0% (50.0%, 90.0%)
70.4% (53.3%, 90.0%)
91.0% (80.0%, 100.0%)

80.4% (70.0%, 90.0%)

88.2% (80.0%, 95.1%)
85.6% (70.0%, 96.7%)
88.7% (76.7%, 96.7%)
58.1% (21.3%, 85.7%)
43.5% (25.9%, 64.9%)
79.2% (61.6%, 90.0%)
87.6% (80.0%, 93.3%)
64.3% (48.2%, 80.0%)
90.1% (80.0%, 96.7%)
98.3% (93.3%, 100.0%)
96.0% (90.0%, 100.0%)
96.2% (90.0%, 100.0%)
97.3% (93.3%, 100.0%)
67.6% (56.7%, 80.0%)
97.8% (69.4%, 100.0%)
99.1% (81.7%, 100.0%)
92.7% (84.9%, 100.0%)
56.3% (44.8%, 100.0%)
76.1% (63.3%, 86.7%)
95.5% (90.0%, 100.0%)
93.8% (86.7%, 100.0%)
96.1% (88.2%, 100.0%)
84.8% (73.3%, 95.1%)
80.5% (68.2%, 90.0%)
41.7% (23.8%, 61.9%)
57.6% (37.0%, 83.4%)
85.3% (73.3%, 95.1%)
85.2% (73.3%, 95.1%)
92.9% (86.7%, 100.0%)
88.2% (78.2%, 96.7%)
96.0% (93.3%, 96.7%)
98.3% (93.3%, 100.0%)
99.6% (96.7%, 100.0%)
94.5% (86.7%, 100.0%)
77.1% (66.7%, 86.7%)
84.3% (33.3%, 100.0%)
26.2% (9.2%, 44.4%)
34.3% (16.7%, 50.0%)
70.7% (54.9%, 81.7%)
63.1% (46.7%, 83.3%)
62.9% (40.0%, 83.3%)
85.6% (73.3%, 93.3%)

83.0% (73.3%, 90.0%)
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111IC 80-90
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Nnc 1-10
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11IC 60-70

111C 70-80
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111C >90

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70
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111IC 80-90

111C >90
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Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40

111C 40-50

111IC 50-60
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111IC 70-80

111C 80-90

111C >90

Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40
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111IC 50-60

111C 60-70

111IC 70-80

111C 80-90

0.992 (0.986, 0.996)
0.994 (0.990, 0.998)
0.987 (0.971, 1.000)
0.789 (0.684, 0.865)
0.923 (0.854, 0.979)
0.864 (0.827, 0.898)
0.943 (0.925, 0.962)
0.790 (0.683, 0.877)
0.907 (0.881, 0.926)
0.914 (0.880, 0.943)
0.944 (0.923, 0.962)
0.979 (0.967, 0.989)
0.929 (0.854, 0.989)
0.901 (0.789, 0.978)
0.919 (0.861, 0.964)
0.851 (0.807, 0.886)
0.892 (0.861, 0.915)
0.818 (0.756, 0.867)
0.909 (0.868, 0.944)
0.912 (0.877, 0.939)
0.891 (0.862, 0.911)
0.964 (0.949, 0.976)
0.907 (0.859, 0.953)
0.868 (0.714, 0.983)
0.847 (0.719, 0.953)
0.842 (0.790, 0.889)
0.822 (0.784, 0.861)
0.699 (0.495, 0.902)
0.842 (0.812, 0.881)
0.894 (0.879, 0.914)
0.733 (0.712, 0.749)
0.901 (0.880, 0.921)
0.901 (0.886, 0.915)
0.962 (0.937, 0.985)
1.000 (1.000, 1.000)
0.981 (0.957, 0.992)
0.839 (0.795, 0.892)
0.989 (0.975, 1.000)
0.761 (0.686, 0.821)
0.944 (0.921, 0.965)
0.788 (0.735, 0.844)
0.869 (0.837, 0.899)

0.851 (0.805, 0.888)

0.883 (0.817, 0.933)
0.966 (0.934, 0.986)
0.490 (0.145, 1.000)
0.668 (0.501, 0.799)
0.762 (0.597, 0.883)
0.547 (0.458, 0.639)
0.878 (0.836, 0.918)
0.589 (0.422, 0.722)
0.778 (0.724, 0.826)
0.665 (0.578, 0.746)
0.707 (0.626, 0.783)
0.883 (0.838, 0.923)
0.555 (0.284, 0.813)
0.435 (0.112, 0.705)
0.689 (0.532, 0.824)
0.639 (0.536, 0.712)
0.706 (0.633, 0.772)
0.512 (0.406, 0.624)
0.415 (0.285, 0.552)
0.470 (0.387, 0.557)
0.458 (0.381, 0.531)
0.513 (0.338, 0.655)
0.559 (0.411, 0.745)
0.723 (0.301, 0.967)
0.569 (0.328, 0.788)
0.737 (0.653, 0.809)
0.506 (0.434, 0.579)
0.118 (0.031, 0.279)
0.639 (0.557, 0.721)
0.740 (0.701, 0.785)
0.553 (0.514, 0.582)
0.760 (0.717, 0.822)
0.887 (0.866, 0.904)
0.915 (0.863, 0.958)
1.000 (1.000, 1.000)
0.262 (0.106, 0.536)
0.371(0.235, 0.491)
0.598 (0.102, 1.000)
0.278 (0.160, 0.412)
0.672 (0.590, 0.760)
0.125 (0.084, 0.196)
0.446 (0.351, 0.532)

0.224(0.137, 0.313)

77.1% (63.3%, 90.0%)

76.7% (66.7%, 86.7%)

100.0% (100.0%, 100.0%)

14.7% (5.5%, 25.9%)
50.1% (31.6%, 75.1%)
19.5% (13.3%, 26.7%)
47.6% (28.2%, 66.7%)
40.3% (23.3%, 60.0%)
35.2% (20.0%, 51.7%)
46.6% (21.6%, 73.3%)
33.2% (16.7%, 53.3%)
63.9% (46.7%, 80.0%)
61.6% (46.7%, 78.4%)
57.1% (40.7%, 81.5%)
40.7% (23.3%, 56.7%)
24.1% (13.3%, 36.7%)
17.3% (6.7%, 30.0%)
25.7% (13.3%, 40.0%)
32.2% (16.7%, 56.8%)
29.0% (13.3%, 46.7%)
15.0% (3.3%, 28.4%)
40.3% (26.7%, 60.0%)
73.1% (60.0%, 83.3%)
43.7% (14.3%, 83.5%)
25.1% (14.8%, 40.7%)
19.8% (6.7%, 33.3%)
15.0% (10.0%, 23.3%)
49.0% (41.6%, 60.0%)
7.7% (0.0%, 16.7%)
8.6% (1.6%, 18.4%)
0.8% (0.0%, 3.3%)
17.4% (4.9%, 30.0%)
31.1% (16.7%, 43.3%)

31.8% (20.0%, 50.0%)

100.0% (100.0%, 100.0%)

99.3% (88.3%, 100.0%)

50.8% (36.7%, 66.7%)

72.2% (50.0%, 100.0%)

16.0% (6.7%, 25.1%)
61.0% (40.0%, 80.0%)
20.5% (10.0%, 38.4%)
15.3% (0.0%, 35.1%)

46.3% (31.6%, 61.7%)

73.1% (56.7%, 83.3%)
77.2% (66.7%, 86.7%)
99.8% (100.0%, 100.0%)
14.8% (3.7%, 25.9%)
45.8% (26.7%, 66.8%)
17.9% (13.3%, 23.3%)
49.4% (30.0%, 71.7%)
39.2% (20.0%, 60.0%)
33.9% (16.7%, 48.4%)
29.3% (10.0%, 53.3%)
32.7% (18.2%, 50.0%)
53.6% (36.7%, 73.3%)
54.8% (43.3%, 66.7%)
52.1% (37.0%, 70.4%)
42.4% (26.7%, 60.0%)
25.3% (13.3%, 36.7%)
15.4% (4.9%, 26.7%)
23.8% (11.6%, 40.0%)
36.2% (18.2%, 60.0%)
20.1% (3.3%, 38.4%)
19.2% (6.7%, 35.1%)
33.7% (18.2%, 55.1%)
66.8% (50.0%, 81.7%)
39.3% (14.3%, 76.2%)
25.8% (14.8%, 42.7%)
18.8% (6.7%, 36.7%)
17.2% (10.0%, 26.7%)
48.7% (40.0%, 56.7%)
11.8% (3.3%, 26.7%)
11.7% (3.3%, 20.0%)
3.3% (3.3%, 3.3%)
14.6% (3.3%, 28.4%)
49.0% (34.9%, 60.0%)
34.3% (20.0%, 51.7%)
97.8% (69.4%, 100.0%)
99.1% (81.7%, 100.0%)
57.5% (41.6%, 75.1%)
50.6% (40.0%, 100.0%)
17.9% (10.0%, 30.0%)
60.1% (43.3%, 80.0%)
17.8% (6.7%, 31.7%)

17.7% (4.9%, 36.7%)

45.1% (28.2%, 61.7%)
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SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
SPaRCNet
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner

Kaggle Winner

LRDA

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

GPD

GPD

GPD

GPD

GPD

GPD

GPD

GPD

GPD

GPD

GRDA

GRDA

GRDA

GRDA

GRDA

GRDA

GRDA

GRDA

GRDA

GRDA

111C >90

lnco-1

Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40

111C 40-50

111IC 50-60

111C 60-70

111IC 70-80

111C 80-90

111C >90

nco-1

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

0.871 (0.784, 0.945)
0.827 (0.687, 0.927)
0.825 (0.767, 0.893)
0.769 (0.710, 0.828)
0.814 (0.777, 0.847)
0.832 (0.797, 0.871)
0.718 (0.684, 0.751)
0.816 (0.792, 0.840)
0.701 (0.679, 0.720)
0.815 (0.797, 0.841)
0.831(0.815, 0.851)
0.777 (0.705, 0.833)
0.751 (0.516, 0.939)
0.610 (0.506, 0.739)
0.877 (0.821, 0.927)
0.854 (0.818, 0.888)
0.913 (0.876, 0.946)
0.672 (0.513, 0.836)
0.700 (0.632, 0.757)
0.854 (0.838, 0.867)
0.939 (0.919, 0.958)
0.954 (0.942, 0.966)
0.918 (0.808, 1.000)
0.956 (0.922, 0.980)
0.991 (0.977, 0.999)
0.982 (0.972, 0.990)
0.965 (0.945, 0.979)
0.951 (0.916, 0.980)
0.973 (0.962, 0.981)
0.973 (0.953, 0.988)
0.979 (0.973, 0.986)
0.992 (0.988, 0.995)
0.961 (0.903, 0.994)
0.954 (0.891, 0.997)
0.971 (0.954, 0.988)
0.937 (0.915, 0.954)
0.958 (0.944, 0.971)
0.956 (0.938, 0.969)
0.963 (0.937, 0.983)
0.966 (0.952, 0.978)
0.950 (0.934, 0.962)
0.981 (0.967, 0.991)

0.921 (0.887, 0.957)

0.201 (0.066, 0.423)
0.874 (0.732, 0.949)
0.652 (0.492, 0.815)
0.664 (0.562, 0.747)
0.697 (0.617, 0.762)
0.740 (0.676, 0.812)
0.624 (0.576, 0.689)
0.791 (0.753, 0.823)
0.567 (0.537, 0.602)
0.797 (0.770, 0.832)
0.613 (0.570, 0.658)
0.815 (0.753, 0.863)
0.282 (0.067, 0.600)
0.341 (0.187, 0.508)
0.442 (0.222, 0.660)
0.519 (0.398, 0.615)
0.441 (0.290, 0.629)
0.118 (0.031, 0.336)
0.072 (0.051, 0.094)
0.417 (0.381, 0.455)
0.434 (0.318, 0.565)
0.689 (0.615, 0.761)
0.529 (0.026, 1.000)
0.890 (0.816, 0.956)
0.936 (0.861, 0.990)
0.907 (0.859, 0.945)
0.929 (0.898, 0.955)
0.808 (0.702, 0.910)
0.892 (0.855, 0.920)
0.817 (0.747, 0.871)
0.820 (0.768, 0.871)
0.923 (0.876, 0.960)
0.649 (0.296, 0.897)
0.670 (0.277, 0.958)
0.830 (0.732, 0.931)
0.774 (0.693, 0.835)
0.872 (0.815, 0.915)
0.770 (0.681, 0.848)
0.633 (0.496, 0.767)
0.684 (0.603, 0.763)
0.662 (0.557, 0.745)
0.693 (0.559, 0.805)

0.521(0.362, 0.742)

64.8% (53.3%, 83.3%)
22.6% (4.8%, 50.1%)
21.7% (11.1%, 39.0%)
18.7% (3.3%, 36.7%)
6.1% (0.0%, 13.3%)
13.8% (3.3%, 26.7%)
3.6% (0.0%, 10.0%)
5.5% (0.0%, 13.3%)
6.2% (3.3%, 10.0%)
4.5% (0.0%, 11.7%)
15.9% (8.2%, 26.7%)
11.4% (3.3%, 20.0%)
85.1% (33.3%, 100.0%)
13.6% (3.7%, 22.2%)
22.5% (13.3%, 33.3%)
21.4% (10.0%, 35.1%)
24.8% (10.0%, 46.7%)
41.0% (30.0%, 58.4%)
13.0% (6.7%, 20.0%)
21.4% (16.7%, 28.4%)
13.5% (3.3%, 26.7%)
25.0% (13.3%, 41.7%)
99.9% (100.0%, 100.0%)
47.6% (22.2%, 74.1%)
76.2% (54.9%, 95.1%)
79.8% (64.9%, 93.3%)
73.9% (51.6%, 91.7%)
66.1% (46.7%, 86.7%)
61.8% (41.6%, 76.7%)
83.6% (64.9%, 96.7%)
65.9% (43.3%, 90.0%)
82.4% (66.7%, 93.3%)
65.6% (48.2%, 85.1%)
66.2% (49.9%, 94.7%)
65.1% (50.0%, 80.0%)
49.1% (30.0%, 63.4%)
53.8% (34.9%, 73.3%)
55.3% (40.0%, 71.7%)
69.4% (46.5%, 86.7%)
62.4% (50.0%, 76.7%)
50.5% (30.0%, 66.7%)
64.7% (43.2%, 83.3%)

75.3% (60.0%, 90.0%)

59.6% (50.0%, 71.7%)
21.9% (4.8%, 42.9%)
15.9% (11.1%, 31.6%)
25.1% (8.2%, 41.7%)
5.9% (0.0%, 13.3%)
16.1% (3.3%, 31.7%)
7.0% (0.0%, 16.7%)
5.2% (0.0%, 13.3%)
2.8% (0.0%, 6.7%)
12.6% (4.9%, 21.7%)
5.3% (0.0%, 13.3%)
8.8% (1.6%, 21.7%)
84.3% (33.3%, 100.0%)
17.0% (5.5%, 29.6%)
22.6% (13.3%, 33.3%)
25.9% (11.6%, 38.4%)
25.9% (8.2%, 48.4%)
39.5% (28.2%, 58.4%)
13.0% (6.7%, 16.7%)
49.8% (40.0%, 60.0%)
12.7% (1.6%, 25.1%)
49.4% (33.3%, 70.0%)
99.8% (100.0%, 100.0%)
45.8% (22.2%, 72.3%)
71.8% (50.0%, 93.3%)
76.0% (54.9%, 90.0%)
73.7% (54.9%, 91.7%)
63.2% (44.9%, 83.3%)
58.3% (36.7%, 76.7%)
67.7% (40.0%, 86.7%)
58.2% (40.0%, 78.4%)
71.6% (49.8%, 86.7%)
57.9% (41.6%, 71.7%)
59.4% (44.4%, 76.0%)
55.3% (36.7%, 73.3%)
51.1% (31.6%, 71.7%)
47.2% (26.7%, 65.1%)
51.8% (33.3%, 75.1%)
68.8% (46.7%, 86.7%)
56.1% (40.0%, 71.7%)
54.7% (29.8%, 73.3%)
59.7% (34.9%, 80.0%)

67.4% (50.0%, 83.3%)
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Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner
Kaggle Winner

Kaggle Winner

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LPD

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

LRDA

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Other

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

Seizure

nco-1

Nnc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

lnco-1

Inc 1-10

11IC 10-20

111C 20-30

111IC 30-40

111C 40-50

111IC 50-60

111C 60-70

111IC 70-80

111C 80-90

111C >90

nco-1

Nc 1-10

111C 10-20

111IC 20-30

111C 30-40

111IC 40-50

111C 50-60

11IC 60-70

111C 70-80

111IC 80-90

111C >90

0.922 (0.801, 1.000)
0.986 (0.966, 0.998)
0.971(0.951, 0.985)
0.960 (0.945, 0.972)
0.976 (0.959, 0.993)
0.949 (0.930, 0.964)
0.970 (0.959, 0.977)
0.919 (0.911, 0.929)
0.982 (0.975, 0.989)
0.883 (0.867, 0.897)
0.987 (0.976, 0.997)
1.000 (1.000, 1.000)
1.000 (1.000, 1.000)
0.949 (0.917, 0.971)
1.000 (1.000, 1.000)
0.909 (0.871, 0.938)
0.972 (0.959, 0.983)
0.910 (0.868, 0.937)
0.952 (0.934, 0.966)
0.871 (0.830, 0.917)
0.935 (0.894, 0.985)
0.965 (0.895, 1.000)
0.936 (0.898, 0.979)
0.909 (0.868, 0.939)
0.955 (0.941, 0.967)
0.952 (0.927, 0.970)
0.907 (0.888, 0.927)
0.944 (0.931, 0.955)
0.855 (0.836, 0.868)
0.946 (0.937, 0.955)
0.887 (0.871, 0.903)
0.898 (0.859, 0.931)
1.000 (1.000, 1.000)
0.845 (0.741, 0.937)
0.963 (0.926, 0.994)
0.913 (0.884, 0.935)
0.970 (0.944, 0.988)
0.949 (0.911, 0.982)
0.964 (0.944, 0.980)
0.956 (0.949, 0.964)
0.978 (0.958, 0.992)
0.982 (0.974, 0.990)

0.929 (0.853, 0.991)

0.802 (0.477, 1.000)
0.918 (0.793, 0.982)
0.939 (0.898, 0.967)
0.832 (0.775, 0.879)
0.534 (0.220, 0.763)
0.867 (0.807, 0.903)
0.920 (0.896, 0.940)
0.821 (0.798, 0.844)
0.951 (0.938, 0.968)
0.838 (0.817, 0.860)
0.972 (0.949, 0.992)
1.000 (1.000, 1.000)
1.000 (1.000, 1.000)
0.659 (0.538, 0.766)
1.000 (1.000, 1.000)
0.497 (0.354, 0.646)
0.790 (0.707, 0.858)
0.310 (0.212, 0.396)
0.678 (0.597, 0.754)
0.319 (0.197, 0.445)
0.387 (0.115, 0.749)
0.965 (0.888, 1.000)
0.872 (0.768, 0.966)
0.894 (0.845, 0.929)
0.917 (0.888, 0.938)
0.922 (0.879, 0.958)
0.899 (0.876, 0.926)
0.927 (0.901, 0.948)
0.831 (0.808, 0.849)
0.945 (0.933, 0.955)
0.817 (0.784, 0.846)
0.922 (0.888, 0.954)
1.000 (1.000, 1.000)
0.670 (0.488, 0.838)
0.855 (0.704, 0.955)
0.687 (0.598, 0.758)
0.769 (0.615, 0.877)
0.506 (0.287, 0.767)
0.693 (0.585, 0.793)
0.802 (0.771, 0.841)
0.820 (0.732, 0.896)
0.917 (0.888, 0.940)

0.191 (0.030, 0.592)

59.9% (21.3%, 100.0%)

66.9% (40.7%, 92.6%)
71.8% (51.6%, 88.4%)
52.0% (34.9%, 63.4%)
62.0% (46.7%, 80.0%)
38.9% (20.0%, 58.4%)
65.5% (48.2%, 80.0%)
21.3% (13.3%, 33.3%)
91.4% (83.3%, 96.7%)
12.1% (4.9%, 21.7%)

54.2% (36.7%, 73.5%)

100.0% (100.0%, 100.0%)

100.0% (100.0%, 100.0%)

74.2% (56.7%, 88.4%)

100.0% (100.0%, 100.0%)

37.6% (20.0%, 60.0%)
81.5% (64.9%, 95.1%)
50.3% (31.6%, 63.4%)
66.8% (46.5%, 83.3%)
59.2% (46.7%, 71.7%)

77.5% (61.6%, 93.3%)

66.9% (33.3%, 100.0%)

54.2% (35.1%, 81.5%)
66.1% (46.7%, 83.3%)
71.4% (56.7%, 88.4%)
81.8% (61.6%, 93.3%)
55.0% (40.0%, 71.7%)
78.1% (61.6%, 93.3%)
27.9% (18.2%, 36.7%)
74.7% (58.2%, 86.7%)
42.2% (33.3%, 50.0%)

34.4% (20.0%, 51.7%)

100.0% (100.0%, 100.0%)

27.2% (11.1%, 48.1%)
54.4% (33.3%, 80.0%)
36.6% (20.0%, 55.1%)
57.8% (33.3%, 78.4%)
59.4% (36.7%, 80.0%)
51.3% (33.3%, 68.4%)
49.6% (40.0%, 60.0%)
66.5% (50.0%, 80.0%)

64.7% (53.3%, 76.7%)

99.9% (100.0%, 100.0%)

50.6% (19.0%, 88.2%)
55.9% (33.3%, 76.0%)
69.4% (50.0%, 85.1%)
60.4% (41.6%, 75.1%)
61.1% (46.7%, 78.4%)
45.8% (21.6%, 66.7%)
69.3% (51.6%, 85.1%)
27.2% (13.3%, 40.0%)
88.0% (76.7%, 96.7%)
29.1% (16.7%, 46.7%)

52.0% (34.9%, 66.7%)

97.8% (69.4%, 100.0%)

99.1% (81.7%, 100.0%)

82.3% (66.7%, 93.3%)

57.1% (46.7%, 100.0%)

37.7% (20.0%, 56.7%)
79.2% (60.0%, 93.3%)
44.2% (26.7%, 66.7%)
67.2% (41.6%, 85.1%)
58.9% (43.3%, 73.3%)
64.8% (53.3%, 80.0%)
40.0% (16.5%, 66.7%)
40.4% (22.2%, 70.4%)
69.5% (50.0%, 86.7%)
50.1% (28.2%, 68.4%)
77.7% (60.0%, 90.0%)
50.2% (36.7%, 66.7%)
71.5% (53.2%, 88.4%)
15.7% (10.0%, 23.3%)
76.1% (58.2%, 86.7%)
28.8% (16.7%, 41.7%)

30.9% (13.3%, 53.3%)

87.4% (42.9%, 100.0%)

32.8% (12.9%, 51.9%)
51.5% (31.6%, 71.7%)
39.9% (20.0%, 56.7%)
57.3% (36.7%, 76.7%)
53.9% (33.3%, 75.1%)
56.2% (41.6%, 70.0%)
75.3% (66.7%, 83.3%)
64.4% (44.9%, 80.0%)

68.0% (60.0%, 78.4%)

99.8% (100.0%, 100.0%)
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1168
1169

1170
1171

(B) Internal SN2-Test dataset

Model

Age Group

ROC AUC

ROC EUC

PRAUC

PREUC

Morgoth

0-1

0.997 (0.981, 1.000)

98.0% (85.7%, 100.0%)

0.998 (0.991, 1.000)

86.4% (76.2%, 90.5%)

SpikeNet2

0-1

0.990 (0.958, 1.000)

95.1% (81.0%, 100.0%)

0.995 (0.978, 1.000)

84.0% (71.4%, 90.5%)

Morgoth

1-10

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

83.8% (70.8%, 91.7%)

SpikeNet2

1-10

0.984 (0.961, 0.997)

56.6% (33.3%, 79.2%)

0.995 (0.987, 0.999)

59.4% (37.5%, 83.3%)

Morgoth

10-20

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

64.5% (54.2%, 70.8%)

SpikeNet2

10-20

0.972 (0.938, 0.994)

40.8% (20.8%, 66.7%)

0.993 (0.984, 0.999)

40.1% (20.8%, 66.7%)

Morgoth

20-30

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

51.0% (41.7%, 62.5%)

SpikeNet2

20-30

0.955 (0.883, 1.000)

25.7% (4.2%, 100.0%)

0.994 (0.983, 1.000)

22.4% (8.3%, 54.2%)

Morgoth

30-40

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

50.7% (38.1%, 66.7%)

SpikeNet2

30-40

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

50.7% (38.1%, 66.7%)

Morgoth

40-50

nan (nan, nan)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

85.0% (79.2%, 87.5%)

SpikeNet2

40-50

nan (nan, nan)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

85.0% (79.2%, 87.5%)

Morgoth

50-60

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

87.3% (71.4%, 100.0%)

SpikeNet2

50-60

0.979 (0.932, 1.000)

82.4% (61.9%, 100.0%)

0.990 (0.969, 1.000)

75.2% (52.4%, 95.2%)

Morgoth

60-70

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

47.8% (37.5%, 54.3%)

SpikeNet2

60-70

0.981 (0.950, 0.998)

43.9% (20.8%, 79.2%)

0.988 (0.971, 0.999)

34.7% (16.7%, 50.0%)

Morgoth

70-80

1.000 (1.000, 1.000)

100.0% (100.0%, 100.0%)

1.000 (1.000, 1.000)

68.0% (58.3%, 79.2%)

SpikeNet2

70-80

0.955 (0.895, 1.000)

73.2% (50.0%, 100.0%)

0.943 (0.862, 1.000)

51.1% (33.3%, 70.8%)

Morgoth

>80

0.982 (0.918, 1.000)

85.1% (54.2%, 100.0%)

0.975 (0.889, 1.000)

61.5% (45.7%, 70.8%)

SpikeNet2

>80

0.980 (0.911, 1.000)

84.7% (54.2%, 100.0%)

0.974 (0.881, 1.000)

61.5% (45.8%, 70.8%)

(C) Internal MoE dataset

Task Age Group | ROCAUC PR AUC ROC EUC PR EUC
Burst Suppression 0-20 0.907 (0.860, 0.941) 0.782 (0.667, 0.862) 77.0% (47.6%, 100.0%) 78.5% (45.5%, 100.0%)
Burst Suppression 20-30 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 59.0% (45.5%, 72.7%) 74.1% (33.8%, 86.4%)
Burst Suppression 30-50 0.999(0.997, 1.000) 0.973(0.922, 1.000) 67.1%(50.0%, 81.8%) 77.5%(51.9%, 90.9%)
Burst Suppression 50-60 1.000(1.000, 1.000) 1.000(1.000, 1.000) 73.3%(54.5%, 88.7%) 71.7%(52.2%, 77.3%)
Burst Suppression 60-70 0.999(0.997, 1.000) 0.989(0.952, 1.000) 82.9%(68.2%, 90.9%) 84.1%(63.6%, 95.5%)
Burst Suppression >70 0.997(0.992, 1.000) 0.895(0.725, 1.000) 76.2%(63.6%, 86.4%) 81.4%(61.2%, 95.5%)
Focal Slowing 0-20 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 89.1% (77.3%, 100.0%) 82.3% (72.7%, 100.0%)
Focal Slowing 20-30 0.930 (0.876, 0.975) 0.791 (0.633, 0.908) 68.2% (43.1%, 86.4%) 76.6% (54.5%, 95.5%)
Focal Slowing 30-50 0.925(0.880, 0.959) 0.839(0.762, 0.902) 82.7%(65.8%, 95.5%) 86.6%(72.7%, 95.5%)
Focal Slowing 50-60 0.906(0.853, 0.949) 0.851(0.786, 0.917) 84.5%(72.7%, 95.5%) 89.6%(81.8%, 100.0%)
Focal Slowing 60-70 0.946(0.912, 0.972) 0.902(0.848, 0.949) 87.2%(72.7%, 100.0%) 95.0%(86.4%, 100.0%)
Focal Slowing >70 0.946(0.915, 0.967) 0.907(0.865, 0.945) 87.0%(81.8%, 90.9%) 96.1%(90.9%, 100.0%)
Focal Spikes 0-20 0.844 (0.776, 0.893) 0.842 (0.767, 0.917) 86.4% (72.7%, 100.0%) 84.6% (68.2%, 100.0%)
Focal Spikes 20-30 0.951 (0.897, 0.993) 0.797 (0.587, 0.970) 77.4% (59.1%, 95.5%) 81.5% (59.1%, 95.5%)
Focal Spikes 30-50 0.966(0.918, 0.993) 0.915(0.826, 0.968) 84.7%(68.2%, 95.5%) 91.3%(79.4%, 100.0%)
Focal Spikes 50-60 0.949(0.914, 0.977) 0.783(0.657, 0.891) 58.1%(31.8%, 77.3%) 66.8%(47.6%, 86.4%)
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Focal Spikes 60-70 0.966(0.933, 0.996) 0.885(0.792, 0.970) 69.4%(43.1%, 86.4%) 82.8%(54.5%, 95.5%)
Focal Spikes >70 0.972(0.943, 0.987) 0.888(0.798, 0.945) 77.6%(59.1%, 90.9%) 89.0%(72.7%, 100.0%)
Generalized Slowing 0-20 0.686 (0.598, 0.767) 0.172 (0.080, 0.316) 25.2% (13.6%, 47.8%) 25.7% (13.6%, 47.8%)
Generalized Slowing 20-30 0.859 (0.815, 0.910) 0.748 (0.640, 0.824) 74.8% (54.5%, 90.9%) 75.2% (54.5%, 95.5%)
Generalized Slowing 30-50 0.836(0.804, 0.872) 0.755(0.687, 0.811) 79.9%(63.6%, 93.3%) 79.5%(63.6%, 95.5%)
Generalized Slowing 50-60 0.883(0.852, 0.917) 0.860(0.818, 0.906) 95.5%(34.0%, 100.0%) 96.5%(86.4%, 100.0%)
Generalized Slowing 60-70 0.885(0.842, 0.916) 0.886(0.844, 0.919) 95.1%(86.4%, 100.0%) 96.1%(88.5%, 100.0%)
Generalized Slowing >70 0.881(0.847, 0.907) 0.900(0.875, 0.924) 95.2%(86.4%, 100.0%) 97.3%(90.9%, 100.0%)
Generalized Spikes 0-20 0.905 (0.856, 0.956) 0.754 (0.617, 0.880) 73.2% (40.9%, 95.5%) 76.9% (43.1%, 100.0%)
Generalized Spikes 20-30 0.964 (0.907, 0.997) 0.751 (0.426, 0.948) 41.9% (18.2%, 66.0%) 48.3% (22.7%, 77.3%)
Generalized Spikes 30-50 0.935(0.864, 0.994) 0.617(0.385, 0.853) 53.4%(22.7%, 79.7%) 61.9%(27.3%, 88.7%)
Generalized Spikes 50-60 0.973(0.951, 0.995) 0.789(0.599, 0.935) 78.6%(52.2%, 93.3%) 88.4%(68.2%, 100.0%)
Generalized Spikes 60-70 0.992(0.983, 0.999) 0.895(0.776, 0.986) 51.6%(27.3%, 72.7%) 73.9%(36.4%, 100.0%)
Generalized Spikes >70 0.966(0.925, 0.993) 0.784(0.594, 0.931) 63.0%(29.4%, 81.8%) 81.4%(50.0%, 97.8%)
1IC - GPD 0-20 0.991 (0.972, 1.000) 0.889 (0.680, 1.000) 74.0% (47.6%, 95.5%) 84.6% (54.5%, 100.0%)
1IC - GPD 20-30 0.962 (0.905, 1.000) 0.555 (0.059, 1.000) 59.7% (36.4%, 100.0%) 59.4% (36.4%, 100.0%)
1IC - GPD 30-50 0.959(0.915, 0.997) 0.823(0.512, 0.992) 40.5%(20.3%, 63.9%) 62.4%(34.0%, 79.7%)
1IC - GPD 50-60 0.945(0.800, 1.000) 0.802(0.484, 1.000) 62.3%(36.4%, 88.7%) 73.5%(50.0%, 90.9%)
1IC - GPD 60-70 0.990(0.978, 0.999) 0.872(0.676, 0.985) 58.5%(36.4%, 77.3%) 84.3%(54.5%, 100.0%)
1IC - GPD >70 0.965(0.910, 0.998) 0.799(0.532, 0.971) 61.9%(38.5%, 86.4%) 81.6%(63.6%, 97.8%)
1IIC - GRDA 0-20 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 73.2% (54.5%, 100.0%) 69.7% (54.5%, 100.0%)
IIIC - GRDA 20-30 0.964 (0.942, 0.990) 0.195 (0.083, 0.558) 100.0% (100.0%, 100.0%) 100.0% (100.0%, 100.0%)
IIIC - GRDA 30-50 1.000(1.000, 1.000) 1.000(1.000, 1.000) 77.9%(54.5%, 100.0%) 69.6%(45.5%, 100.0%)
1IIC - GRDA 50-60 0.989(0.960, 1.000) 0.868(0.365, 1.000) 74.6%(63.6%, 93.5%) 80.0%(59.1%, 95.7%)
IIIC - GRDA 60-70 1.000(1.000, 1.000) 1.000(1.000, 1.000) 91.4%(31.8%, 100.0%) 83.6%(72.7%, 100.0%)
IIIC - GRDA >70 0.978(0.937, 1.000) 0.692(0.088, 1.000) 59.4%(36.4%, 93.5%) 63.9%(38.5%, 93.5%)
1IC - LPD 0-20 0.988 (0.964, 1.000) 0.911 (0.797, 1.000) 68.9% (50.0%, 84.2%) 79.1% (68.2%, 90.9%)
1IC - LPD 20-30 0.997 (0.990, 1.000) 0.941 (0.716, 1.000) 55.3% (34.0%, 75.1%) 72.6% (38.5%, 86.4%)
1IC - LPD 30-50 0.906(0.770, 1.000) 0.849(0.628, 1.000) 54.4%(36.4%, 72.7%) 85.6%(61.2%, 95.5%)
1IC - LPD 50-60 0.982(0.945, 1.000) 0.912(0.727, 1.000) 73.0%(50.0%, 86.4%) 91.1%(68.2%, 100.0%)
1IC - LPD 60-70 0.962(0.911, 0.996) 0.836(0.687, 0.948) 72.5%(49.8%, 90.9%) 87.0%(63.6%, 100.0%)
1IC - LPD >70 0.968(0.938, 0.991) 0.845(0.724, 0.939) 81.4%(63.6%, 90.9%) 88.1%(72.7%, 100.0%)
11IC - LRDA 0-20 0.987 (0.972, 0.998) 0.444 (0.145, 0.917) 82.1% (63.6%, 100.0%) 66.6% (52.2%, 100.0%)
1IIC - LRDA 20-30 0.972 (0.949, 0.993) 0.240 (0.100, 0.604) 100.0% (100.0%, 100.0%) 100.0% (100.0%, 100.0%)
1IIC - LRDA 30-50 0.982(0.949, 1.000) 0.792(0.369, 1.000) 47.7%(31.8%, 70.6%) 80.0%(54.5%, 90.9%)
11IC - LRDA 50-60 0.997(0.987, 1.000) 0.974(0.895, 1.000) 75.7%(59.1%, 86.4%) 88.7%(68.2%, 95.5%)
1IIC - LRDA 60-70 0.987(0.966, 1.000) 0.604(0.113, 1.000) 83.7%(70.3%, 100.0%) 77.1%(68.2%, 100.0%)
11IC - LRDA >70 0.933(0.810, 1.000) 0.812(0.579, 1.000) 87.2%(72.7%, 100.0%) 95.9%(81.8%, 100.0%)
I1IC - Seizure 0-20 0.988(0.964, 1.000) 0.911(0.797, 1.000) 68.9%(50.0%, 84.2%) 79.1%(68.2%, 90.9%)
11C - Seizure 20-30 0.942(0.895, 0.994) 0.479(0.057, 0.928) 44.9%(22.7%, 79.7%) 56.3%(24.9%, 86.4%)
I1IC - Seizure 30-50 1.000(1.000, 1.000) 1.000(1.000, 1.000) 58.8%(22.7%, 90.9%) 79.8%(59.1%, 86.4%)
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I1IC - Seizure 50-60 0.896(0.698, 1.000) 0.787(0.454, 1.000) 65.3%(47.6%, 100.0%) 82.0%(50.0%, 100.0%)
IIIC - Seizure 60-70 0.973(0.942, 1.000) 0.824(0.624, 1.000) 64.7%(50.0%, 81.8%) 95.5%(77.3%, 100.0%)
IIIC - Seizure >70 0.921(0.829, 0.981) 0.358(0.035, 0.719) 49.6%(29.4%, 77.3%) 58.0%(40.9%, 79.7%)
Sleep - Awake 0-20 1.000 (1.000, 1.000) 1.000 (1.000, 1.000) 56.7% (34.0%, 100.0%) 46.4% (31.8%, 100.0%)
Sleep - Awake 20-30 0.993 (0.981, 1.000) 0.997 (0.990, 1.000) 65.4% (52.2%, 77.3%) 85.1% (77.3%, 90.9%)
Sleep - Awake 30-50 0.995(0.985, 1.000) 0.998(0.995, 1.000) 81.3%(68.2%, 90.9%) 93.9%(84.0%, 100.0%)
Sleep - Awake 50-60 0.973(0.939, 0.994) 0.991(0.978, 0.998) 65.9%(45.5%, 84.2%) 80.5%(70.3%, 90.9%)
Sleep - Awake 60-70 0.985(0.956, 1.000) 0.995(0.985, 1.000) 74.2%(54.5%, 88.7%) 88.7%(77.3%, 95.5%)
Sleep - Awake >70 0.980(0.951, 1.000) 0.997(0.991, 1.000) 62.1%(40.9%, 77.3%) 91.3%(74.9%, 100.0%)
Sleep - N1 0-20 0.970 (0.911, 1.000) 0.986 (0.959, 1.000) 59.4% (36.4%, 84.2%) 76.0% (61.2%, 90.9%)
Sleep - N1 20-30 0.641 (0.473, 0.797) 0.178 (0.077, 0.306) 15.8% (9.1%, 41.1%) 15.2% (9.1%, 34.2%)
Sleep - N1 30-50 0.648(0.443, 0.790) 0.102(0.043, 0.181) 24.7%(22.7%, 31.8%) 24.5%(22.7%, 31.8%)
Sleep - N1 50-60 0.806(0.630, 0.906) 0.329(0.128, 0.592) 21.1%(18.2%, 36.4%) 20.5%(18.2%, 34.2%)
Sleep - N1 60-70 0.886(0.723, 0.998) 0.568(0.125, 0.985) 47.0%(22.7%, 81.8%) 46.5%(22.7%, 82.0%)
Sleep - N1 >70 0.610(0.441, 0.744) 0.077(0.029, 0.159) 40.6%(27.3%, 100.0%) 40.6%(27.3%, 100.0%)
Sleep - N2 0-20 0.597 (0.412, 0.761) 0.098 (0.030, 0.196) 33.0% (18.2%, 100.0%) 33.0% (18.2%, 100.0%)
Sleep - N2 20-30 0.948 (0.904, 0.986) 0.821(0.678, 0.951) 20.8% (4.5%, 40.9%) 40.9% (4.5%, 93.3%)
Sleep - N2 30-50 0.993(0.981, 1.000) 0.963(0.889, 1.000) 32.5%(15.8%, 50.0%) 68.6%(31.8%, 100.0%)
Sleep - N2 50-60 0.991(0.973, 1.000) 0.956(0.883, 1.000) 56.1%(29.4%, 72.7%) 88.6%(74.9%, 95.5%)
Sleep - N2 60-70 0.989(0.971, 1.000) 0.936(0.822, 1.000) 39.0%(18.2%, 54.5%) 58.5%(36.4%, 95.5%)
Sleep - N2 >70 0.985(0.961, 1.000) 0.883(0.736, 1.000) 64.9%(36.1%, 86.4%) 77.9%(50.0%, 100.0%)
Spike 0-20 0.957 (0.915, 0.989) 0.764 (0.594, 0.904) 70.3% (43.1%, 90.9%) 75.4% (45.5%, 97.8%)
Spike 20-30 0.947 (0.897, 0.983) 0.808 (0.640, 0.940) 73.1% (36.4%, 95.5%) 76.5% (38.5%, 97.8%)
Spike 30-50 0.961(0.917, 0.990) 0.882(0.775, 0.948) 84.0%(61.2%, 97.8%) 86.0%(61.2%, 100.0%)
Spike 50-60 0.950(0.917, 0.973) 0.846(0.739, 0.918) 73.5%(52.2%, 90.9%) 76.1%(59.1%, 95.5%)
Spike 60-70 0.970(0.946, 0.993) 0.918(0.849, 0.972) 85.0%(72.7%, 95.5%) 94.3%(79.4%, 100.0%)
Spike >70 0.966(0.949, 0.984) 0.904(0.860, 0.945) 75.5%(59.1%, 86.4%) 82.5%(68.2%, 93.3%)
1172
1173 (D) External SAI dataset
Task Model Age Group PRAUC PREUC ROCAUC ROC EUC
Normal Morgoth 0-10 1.000 (1.000, 1.000) 60.5% (36.4%, 72.7%) 1.000 (1.000, 1.000) 18.9% (0.0%, 27.3%)
Normal Morgoth 10-30 0.998 (0.972, 1.000) 49.7% (17.7%, 71.4%) 0.998 (0.978, 1.000) 34.4% (7.1%, 50.0%)
Normal Morgoth 30-50 1.000 (1.000, 1.000) 47.2% (22.5%, 63.6%) 1.000 (1.000, 1.000) 38.8% (4.3%, 54.5%)
Normal Morgoth 50-70 0.928 (0.706, 1.000) 34.5% (0.0%, 90.9%) 0.959 (0.847, 1.000) 17.4% (9.1%, 27.3%)
Normal Morgoth >70 0.890 (0.533, 1.000) 15.9% (0.0%, 45.5%) 0.965 (0.874, 1.000) 25.6% (13.4%, 36.4%)
Normal SCORE-AI 0-10 0.958 (0.750, 1.000) 44.8% (9.1%, 72.7%) 0.953 (0.800, 1.000) 13.1% (0.0%, 27.3%)
Normal SCORE-AI 10-30 0.999 (0.991, 1.000) 58.1% (28.6%, 75.2%) 0.999 (0.989, 1.000) 39.4% (7.1%, 57.1%)
Normal SCORE-AI 30-50 1.000 (1.000, 1.000) 47.2% (22.5%, 63.6%) 1.000 (1.000, 1.000) 38.8% (4.3%, 54.5%)
Normal SCORE-Al 50-70 1.000 (1.000, 1.000) 67.4% (36.4%, 90.9%) 1.000 (1.000, 1.000) 23.4% (18.2%, 27.3%)
Normal SCORE-AI >70 1.000 (1.000, 1.000) 37.9% (18.2%, 45.5%) 1.000 (1.000, 1.000) 35.1% (22.5%, 45.5%)
Focal Slowing Morgoth 0-10 0.983 (0.833, 1.000) 50.7% (27.3%, 72.7%) 0.989 (0.911, 1.000) 60.5% (36.4%, 90.9%)
Focal Slowing Morgoth 10-30 0.948 (0.478, 1.000) 59.7% (32.0%, 85.7%) 0.975 (0.815, 1.000) 57.5% (35.7%, 71.4%)
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Focal Slowing Morgoth 30-50 0.989 (0.833, 1.000) 36.3% (9.1%, 78.4%) 0.998 (0.952, 1.000) 40.8% (18.2%, 87.0%)
Focal Slowing Morgoth 50-70 1.000 (1.000, 1.000) 26.1% (9.1%, 36.4%) 1.000 (1.000, 1.000) 77.8% (45.5%, 90.9%)
Focal Slowing Morgoth >70 1.000 (1.000, 1.000) 34.5% (18.2%, 45.5%) 1.000 (1.000, 1.000) 38.5% (13.4%, 54.5%)
Focal Slowing SCORE-AI 0-10 0.884 (0.361, 1.000) 45.2% (9.1%, 68.4%) 0.911 (0.615, 1.000) 42.9% (9.1%, 77.5%)
Focal Slowing SCORE-AI 10-30 0.785 (0.417, 1.000) 42.9% (10.5%, 68.0%) 0.858 (0.578, 1.000) 43.5% (14.3%, 78.6%)
Focal Slowing SCORE-AIl 30-50 0.989 (0.833, 1.000) 36.3% (9.1%, 78.4%) 0.998 (0.952, 1.000) 40.8% (18.2%, 87.0%)
Focal Slowing SCORE-AI 50-70 0.749 (0.434, 1.000) 11.9% (0.0%, 27.3%) 0.819 (0.519, 1.000) 30.1% (9.1%, 77.5%)
Focal Slowing SCORE-AIl >70 0.934 (0.733, 1.000) 27.2% (9.1%, 45.5%) 0.946 (0.810, 1.000) 33.5% (9.1%, 54.5%)
Generalized Slowing Morgoth 0-10 0.860 (0.333, 1.000) 74.8% (0.0%, 100.0%) 0.907 (0.538, 1.000) 70.5% (31.6%, 100.0%)
Generalized Slowing Morgoth 10-30 0.966 (0.754, 1.000) 36.9% (21.4%, 50.0%) 0.993 (0.945, 1.000) 72.3% (50.0%, 92.9%)
Generalized Slowing Morgoth 30-50 0.818 (0.333, 1.000) 28.3% (0.0%, 54.5%) 0.935 (0.800, 1.000) 36.5% (9.1%, 59.3%)
Generalized Slowing Morgoth 50-70 0.943 (0.802, 1.000) 41.8% (18.2%, 54.5%) 0.934 (0.765, 1.000) 18.3% (0.0%, 54.5%)
Generalized Slowing Morgoth >70 1.000 (1.000, 1.000) 20.5% (0.0%, 27.3%) 1.000 (1.000, 1.000) 49.4% (36.4%, 59.3%)
Generalized Slowing SCORE-AI 0-10 0.842 (0.273, 1.000) 72.0% (0.0%, 100.0%) 0.925 (0.667, 1.000) 76.9% (40.7%, 100.0%)
Generalized Slowing SCORE-AI 10-30 0.912 (0.500, 1.000) 32.4% (14.3%, 50.0%) 0.982 (0.889, 1.000) 67.0% (42.9%, 85.7%)
Generalized Slowing SCORE-Al 30-50 0.853 (0.500, 1.000) 29.4% (0.0%, 54.5%) 0.932 (0.743, 1.000) 31.3% (9.1%, 63.6%)
Generalized Slowing SCORE-AI 50-70 0.837(0.497, 1.000) 11.1% (0.0%, 54.5%) 0.910 (0.741, 1.000) 15.4% (0.0%, 36.4%)
Generalized Slowing SCORE-AI >70 0.885 (0.429, 1.000) 11.9% (0.0%, 18.2%) 0.863 (0.429, 1.000) 28.5% (0.0%, 54.5%)
Focal Spike Morgoth 0-10 0.985 (0.750, 1.000) 42.9% (0.0%, 100.0%) 0.989 (0.848, 1.000) 59.0% (9.1%, 100.0%)
Focal Spike Morgoth 10-30 0.938 (0.769, 1.000) 29.6% (7.1%, 57.1%) 0.961 (0.859, 1.000) 23.7% (7.1%, 50.0%)
Focal Spike Morgoth 30-50 0.649 (0.250, 1.000) 70.9% (54.5%, 100.0%) 0.931(0.812, 1.000) 85.7% (54.5%, 100.0%)
Focal Spike Morgoth 50-70 0.804 (0.278, 1.000) 43.8% (18.2%, 77.5%) 0.873 (0.644, 1.000) 35.0% (9.1%, 72.7%)
Focal Spike Morgoth >70 1.000 (1.000, 1.000) 44.4% (0.0%, 100.0%) 1.000 (1.000, 1.000) 74.8% (36.4%, 100.0%)
Focal Spike SCORE-AI 0-10 0.825 (0.429, 1.000) 30.9% (0.0%, 100.0%) 0.876 (0.556, 1.000) 57.2% (27.3%, 100.0%)
Focal Spike SCORE-AIl 10-30 0.969 (0.854, 1.000) 44.6% (10.5%, 78.6%) 0.978 (0.905, 1.000) 31.9% (7.1%, 57.1%)
Focal Spike SCORE-AI 30-50 0.360 (0.125, 1.000) 70.9% (54.5%, 100.0%) 0.793 (0.562, 1.000) 77.7% (54.5%, 100.0%)
Focal Spike SCORE-AI 50-70 0.830 (0.433, 1.000) 48.2% (0.0%, 90.9%) 0.896 (0.625, 1.000) 33.6% (0.0%, 68.4%)
Focal Spike SCORE-Al >70 1.000 (1.000, 1.000) 44.4% (0.0%, 100.0%) 1.000 (1.000, 1.000) 74.8% (36.4%, 100.0%)
Generalized Spike Morgoth 0-10 1.000 (1.000, 1.000) 21.4% (0.0%, 100.0%) 1.000 (1.000, 1.000) 35.7% (0.0%, 100.0%)
Generalized Spike Morgoth 10-30 0.871 (0.525, 1.000) 25.9% (0.0%, 50.0%) 0.971 (0.867, 1.000) 36.3% (0.0%, 78.6%)
Generalized Spike Morgoth 30-50 1.000 (1.000, 1.000) 29.1% (9.1%, 100.0%) 1.000 (1.000, 1.000) 21.6% (9.1%, 100.0%)
Generalized Spike Morgoth 50-70 1.000 (1.000, 1.000) 52.7% (27.3%, 100.0%) 1.000 (1.000, 1.000) 56.3% (27.3%, 100.0%)
Generalized Spike Morgoth >70 1.000 (1.000, 1.000) 39.5% (18.2%, 100.0%) 1.000 (1.000, 1.000) 39.5% (18.2%, 100.0%)
Generalized Spike SCORE-Al 0-10 1.000 (1.000, 1.000) 21.4% (0.0%, 100.0%) 1.000 (1.000, 1.000) 35.7% (0.0%, 100.0%)
Generalized Spike SCORE-AIl 10-30 0.973 (0.808, 1.000) 33.7% (0.0%, 50.0%) 0.988 (0.906, 1.000) 34.8% (0.0%, 78.6%)
Generalized Spike SCORE-Al 30-50 1.000 (1.000, 1.000) 29.1% (9.1%, 100.0%) 1.000 (1.000, 1.000) 21.6% (9.1%, 100.0%)
Generalized Spike SCORE-Al 50-70 0.650 (0.250, 1.000) 52.7% (27.3%, 100.0%) 0.946 (0.833, 1.000) 54.6% (27.3%, 100.0%)
Generalized Spike SCORE-Al >70 1.000 (1.000, 1.000) 39.5% (18.2%, 100.0%) 1.000 (1.000, 1.000) 39.5% (18.2%, 100.0%)
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1176  (E) External ON dataset

Task Age Group PR AUC PR EUC ROC AUC ROC EUC
Focal Spike 0-10 0.952 (0.750, 1.000) 33.7% (7.1%, 50.0%) 0.987 (0.926, 1.000) 48.4% (14.3%, 71.4%)
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Focal Spike 10-20 0.877 (0.452, 1.000) 22.0% (0.0%, 50.0%) 0.931 (0.740, 1.000) 22.9% (3.4%, 42.9%)
Focal Spike 20-40 0.879 (0.343, 1.000) 48.8% (0.0%, 100.0%) 0.965 (0.803, 1.000) 58.1% (0.0%, 100.0%)
Focal Spike 40-70 0.749 (0.440, 0.941) 9.9% (0.0%, 42.9%) 0.811 (0.553, 0.971) 3.3% (0.0%, 21.4%)

Focal Spike >70 1.000 (1.000, 1.000) 51.1% (21.4%, 100.0%) 1.000 (1.000, 1.000) 61.7% (21.4%, 100.0%)
Generalized Spike 0-10 0.982 (0.920, 1.000) 25.7% (0.0%, 64.3%) 0.994 (0.967, 1.000) 34.4% (7.1%, 64.3%)
Generalized Spike 10-20 1.000 (1.000, 1.000) 25.4% (7.1%, 35.7%) 1.000 (1.000, 1.000) 9.0% (0.0%, 14.3%)
Generalized Spike 20-40 1.000 (1.000, 1.000) 46.6% (21.4%, 100.0%) 1.000 (1.000, 1.000) 53.1% (21.4%, 100.0%)
Generalized Spike 40-70 1.000 (1.000, 1.000) 100.0% (100.0%, 100.0%) 1.000 (1.000, 1.000) 100.0% (100.0%, 100.0%)
Generalized Spike >70 1.000 (1.000, 1.000) 100.0% (100.0%, 100.0%) 1.000 (1.000, 1.000) 100.0% (100.0%, 100.0%)
Focal Slowing 0-10 0.882 (0.353, 1.000) 30.4% (7.1%, 100.0%) 0.983 (0.918, 1.000) 70.6% (35.7%, 100.0%)
Focal Slowing 10-20 0.717 (0.173, 1.000) 36.8% (14.3%, 100.0%) 0.896 (0.592, 1.000) 61.7% (28.6%, 100.0%)
Focal Slowing 20-40 1.000 (1.000, 1.000) 62.9% (42.9%, 100.0%) 1.000 (1.000, 1.000) 78.1% (42.9%, 100.0%)
Focal Slowing 40-70 0.799 (0.385, 1.000) 18.8% (0.0%, 35.7%) 0.891 (0.683, 1.000) 31.4% (7.1%, 78.6%)
Focal Slowing >70 1.000 (1.000, 1.000) 55.4% (42.9%, 83.0%) 1.000 (1.000, 1.000) 73.4% (45.9%, 96.6%)
Generalized Slowing 0-10 0.606 (0.111, 1.000) 27.5% (3.4%, 100.0%) 0.847 (0.534, 1.000) 42.9% (7.1%, 100.0%)
Generalized Slowing 10-20 0.678 (0.298, 1.000) 49.7% (21.4%, 100.0%) 0.948 (0.833, 1.000) 54.9% (21.4%, 100.0%)
Generalized Slowing 20-40 0.707 (0.190, 1.000) 41.6% (10.5%, 100.0%) 0.767 (0.388, 1.000) 41.6% (7.1%, 100.0%)
Generalized Slowing 40-70 0.907 (0.721, 1.000) 45.6% (21.4%, 71.4%) 0.941 (0.812, 1.000) 43.9% (14.3%, 78.6%)
Generalized Slowing >70 0.903 (0.732, 1.000) 53.2% (7.1%, 100.0%) 0.866 (0.666, 1.000) 24.4% (0.0%, 71.4%)
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Table S8 Significance Test of Age Group Results
(A) Internal ITIIC-Test dataset

Model Class Metric Average P-value Proportion Significant
Kaggle Winner GPD AUC-ROC 0.43727418891386700 0
Kaggle Winner GPD AUC-PR 0.43727418891386700 0
Kaggle Winner GPD EUC-ROC 0.43727418891386700 0
Kaggle Winner GPD EUC-PR 0.43727418891386700 0
Kaggle Winner GRDA AUC-ROC 0.43727418891386700 0
Kaggle Winner GRDA AUC-PR 0.43727418891386700 0
Kaggle Winner GRDA EUC-ROC 0.43727418891386700 0
Kaggle Winner GRDA EUC-PR 0.43727418891386700 0
Kaggle Winner LPD AUC-ROC 0.44049328506521300 0
Kaggle Winner LPD AUC-PR 0.44049328506521300 0
Kaggle Winner LPD EUC-ROC 0.44049328506521300 0
Kaggle Winner LPD EUC-PR 0.44049328506521300 0
Kaggle Winner LRDA AUC-ROC 0.43727418891386700 0
Kaggle Winner LRDA AUC-PR 0.43727418891386700 0
Kaggle Winner LRDA EUC-ROC 0.43727418891386700 0
Kaggle Winner LRDA EUC-PR 0.43727418891386700 0
Kaggle Winner Other AUC-ROC 0.44049328506521300 0
Kaggle Winner Other AUC-PR 0.44049328506521300 0

116



Kaggle Winner Other EUC-ROC 0.44049328506521300
Kaggle Winner Other EUC-PR 0.44049328506521300
Kaggle Winner Seizure AUC-ROC 0.44049328506521300
Kaggle Winner Seizure AUC-PR 0.44049328506521300
Kaggle Winner Seizure EUC-ROC 0.44049328506521300
Kaggle Winner Seizure EUC-PR 0.44049328506521300
Morgoth GPD AUC-ROC 0.43727418891386700
Morgoth GPD AUC-PR 0.43727418891386700
Morgoth GPD EUC-ROC 0.43727418891386700
Morgoth GPD EUC-PR 0.43727418891386700
Morgoth GRDA AUC-ROC 0.43727418891386700
Morgoth GRDA AUC-PR 0.43727418891386700
Morgoth GRDA EUC-ROC 0.43727418891386700
Morgoth GRDA EUC-PR 0.43727418891386700
Morgoth LPD AUC-ROC 0.44049328506521300
Morgoth LPD AUC-PR 0.44049328506521300
Morgoth LPD EUC-ROC 0.44049328506521300
Morgoth LPD EUC-PR 0.44049328506521300
Morgoth LRDA AUC-ROC 0.43727418891386700
Morgoth LRDA AUC-PR 0.43727418891386700
Morgoth LRDA EUC-ROC 0.43727418891386700
Morgoth LRDA EUC-PR 0.43727418891386700
Morgoth Other AUC-ROC 0.44049328506521300
Morgoth Other AUC-PR 0.44049328506521300
Morgoth Other EUC-ROC 0.44049328506521300
Morgoth Other EUC-PR 0.44049328506521300
Morgoth Seizure AUC-ROC 0.44049328506521300
Morgoth Seizure AUC-PR 0.44049328506521300
Morgoth Seizure EUC-ROC 0.44049328506521300
Morgoth Seizure EUC-PR 0.44049328506521300
SPaRCNet GPD AUC-ROC 0.43727418891386700
SPaRCNet GPD AUC-PR 0.43727418891386700
SPaRCNet GPD EUC-ROC 0.43727418891386700
SPaRCNet GPD EUC-PR 0.43727418891386700
SPaRCNet GRDA AUC-ROC 0.43727418891386700
SPaRCNet GRDA AUC-PR 0.43727418891386700
SPaRCNet GRDA EUC-ROC 0.43727418891386700
SPaRCNet GRDA EUC-PR 0.43727418891386700
SPaRCNet LPD AUC-ROC 0.4404932850652120

SPaRCNet LPD AUC-PR 0.44049328506521300
SPaRCNet LPD EUC-ROC 0.44049328506521300
SPaRCNet LPD EUC-PR 0.44049328506521300
SPaRCNet LRDA AUC-ROC 0.43727418891386700
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SPaRCNet LRDA AUC-PR 0.43727418891386700
SPaRCNet LRDA EUC-ROC 0.43727418891386700
SPaRCNet LRDA EUC-PR 0.43727418891386700
SPaRCNet Other AUC-ROC 0.44049328506521300
SPaRCNet Other AUC-PR 0.44049328506521300
SPaRCNet Other EUC-ROC 0.44049328506521300
SPaRCNet Other EUC-PR 0.44049328506521300
SPaRCNet Seizure AUC-ROC 0.44049328506521300
SPaRCNet Seizure AUC-PR 0.44049328506521300
SPaRCNet Seizure EUC-ROC 0.44049328506521300
SPaRCNet Seizure EUC-PR 0.44049328506521300

(B) Internal SN2-Test dataset

(C) Internal MoE dataset

Model Metric Average P-value Proportion Significant
Morgoth PR AUC 1.0 0.0
Morgoth PREUC 0.5374741190774280 0.3055555555555560
Morgoth ROCAUC 1.0 0.0
Morgoth ROCEUC 1.0 0.0
SpikeNet2 PRAUC 1.0 0.0
SpikeNet2 PREUC 0.7470533365933890 0.13888888388888890
SpikeNet2 ROCAUC 1.0 0.0
SpikeNet2 ROCEUC 0.7480075458324030 0.13888888388888890

EEG Pattern Metric Significance Rate (%) Mean p-value | Overall Avg Significant Rate (%)
Burst Suppression ROCAUC 333 0.137 16.7
Burst Suppression PR AUC 26.7 0.149 16.7
Burst Suppression ROC EUC 6.7 0.181 16.7
Burst Suppression PREUC 0.0 0.2 16.7
Focal Slowing ROC AUC 333 0.137 16.6
Focal Slowing PR AUC 333 0.13 16.6
Focal Slowing ROC EUC 0.0 0.187 16.6
Focal Slowing PREUC 0.0 0.18 16.6
Focal Spikes ROC AUC 333 0.137 133
Focal Spikes PR AUC 0.0 0.193 133
Focal Spikes ROC EUC 133 0.18 133
Focal Spikes PREUC 6.7 0.183 133
Generalized Slowing ROC AUC 333 0.117 51.6
Generalized Slowing PR AUC 733 0.063 51.6
Generalized Slowing ROC EUC 53.3 0.087 51.6
Generalized Slowing PR EUC 46.7 0.09 51.6
Generalized Spikes ROC AUC 20.0 0.154 10.0
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Generalized Spikes PR AUC 6.7 0.19 10.0
Generalized Spikes ROC EUC 6.7 0.177 10.0
Generalized Spikes PR EUC 6.7 0.183 10.0
1liC - GPD ROCAUC 0.0 0.2 1.7
lIC - GPD PRAUC 0.0 0.2 1.7
1liC - GPD ROCEUC 6.7 0.19 1.7
lIC - GPD PREUC 0.0 0.2 1.7
11IC - GRDA ROCAUC 20.0 0.162 26.7
IIIC - GRDA PRAUC 26.7 0.143 26.7
11IC - GRDA ROCEUC 26.7 0.135 26.7
IIIC - GRDA PREUC 333 0.147 26.7
lic - LPD ROCAUC 6.7 0.19 5.0
C - LPD PRAUC 0.0 0.2 5.0
IC - LPD ROC EUC 133 0.18 5.0
lic - LPD PR EUC 0.0 0.2 5.0
IIIC - LRDA ROC AUC 6.7 0.19 28.3
IIIC - LRDA PRAUC 26.7 0.149 28.3
IIIC - LRDA ROC EUC 46.7 0.106 28.3
IIIC - LRDA PR EUC 333 0.145 28.3
IIC - Seizure ROC AUC 133 0.16 15.0
11IC - Seizure PRAUC 26.7 0.128 15.0
IIC - Seizure ROC EUC 0.0 0.2 15.0
11IC - Seizure PR EUC 20.0 0.147 15.0
Sleep - Awake ROC AUC 0.0 0.193 8.3
Sleep - Awake PR AUC 0.0 0.193 8.3
Sleep - Awake ROC EUC 0.0 0.187 8.3
Sleep - Awake PREUC 333 0.141 8.3
Sleep - N1 ROC AUC 46.7 0.113 334
Sleep - N1 PRAUC 46.7 0.099 334
Sleep - N1 ROC EUC 20.0 0.155 334
Sleep - N1 PR EUC 20.0 0.135 334
Sleep - N2 ROC AUC 40.0 0.113 26.6
Sleep - N2 PRAUC 333 0.123 26.6
Sleep - N2 ROC EUC 20.0 0.161 26.6
Sleep - N2 PR EUC 13.3 0.164 26.6
Spike ROC AUC 0.0 0.2 0.0
Spike PRAUC 0.0 0.187 0.0
Spike ROC EUC 0.0 0.2 0.0
Spike PR EUC 0.0 0.193 0.0

(D) External SAI dataset
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Model Class Metric Average P-value Proportion Significant
Morgoth Normal AUC-ROC 0.173 60.00%
Morgoth Normal AUC-PR 0.39 10.00%
Morgoth Normal EUC-ROC 0.237 40.00%
Morgoth Normal EUC-PR 0.445 0.00%
Morgoth Focal Slowing AUC-ROC 0.245 10.00%
Morgoth Focal Slowing AUC-PR 0.367 10.00%
Morgoth Focal Slowing EUC-ROC 0.189 20.00%
Morgoth Focal Slowing EUC-PR 0.223 30.00%
Morgoth Generalized Slowing AUC-ROC 0.234 30.00%
Morgoth Generalized Slowing AUC-PR 0.189 40.00%
Morgoth Generalized Slowing EUC-ROC 0.167 50.00%
Morgoth Generalized Slowing EUC-PR 0.145 60.00%
Morgoth Focal Spike AUC-ROC 0.089 60.00%
Morgoth Focal Spike AUC-PR 0.234 30.00%
Morgoth Focal Spike EUC-ROC 0.145 50.00%
Morgoth Focal Spike EUC-PR 0.067 70.00%
Morgoth Generalized Spike AUC-ROC 0.456 10.00%
Morgoth Generalized Spike AUC-PR 0.234 30.00%
Morgoth Generalized Spike EUC-ROC 0.567 0.00%
Morgoth Generalized Spike EUC-PR 0.345 20.00%
SCORE-AI Normal AUC-ROC 0.089 20.00%
SCORE-AI Normal AUC-PR 0.456 0.00%
SCORE-AI Normal EUC-ROC 0.124 10.00%
SCORE-AI Normal EUC-PR 0.278 0.00%
SCORE-AIl Focal Slowing AUC-ROC 0.156 50.00%
SCORE-AI Focal Slowing AUC-PR 0.234 30.00%
SCORE-AI Focal Slowing EUC-ROC 0.178 40.00%
SCORE-AI Focal Slowing EUC-PR 0.567 0.00%
SCORE-Al Generalized Slowing AUC-ROC 0.567 0.00%
SCORE-AI Generalized Slowing AUC-PR 0.078 70.00%
SCORE-AIl Generalized Slowing EUC-ROC 0.245 30.00%
SCORE-AIl Generalized Slowing EUC-PR 0.089 60.00%
SCORE-AI Focal Spike AUC-ROC 0.034 80.00%
SCORE-AI Focal Spike AUC-PR 0.345 20.00%
SCORE-AI Focal Spike EUC-ROC 0.089 60.00%
SCORE-AI Focal Spike EUC-PR 0.123 50.00%
SCORE-Al Generalized Spike AUC-ROC 0.045 70.00%
SCORE-AI Generalized Spike AUC-PR 0.189 40.00%
SCORE-AIl Generalized Spike EUC-ROC 0.234 30.00%
SCORE-Al Generalized Spike EUC-PR 0.156 50.00%

(E) External ON dataset
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1194
1195

1196
1197
1198
1199
1200
1201
1202
1203
1204
1205

1206
1207
1208

1209
1210
1211
1212

Class Metric Average P-value Proportion Significant
Focal Slowing AUC-ROC 0.067 60.00%
Focal Slowing AUC-PR 0.089 60.00%
Focal Slowing EUC-ROC 0.045 70.00%
Focal Slowing EUC-PR 0.034 80.00%
Generalized Slowing AUC-ROC 0.234 30.00%
Generalized Slowing AUC-PR 0.067 70.00%
Generalized Slowing EUC-ROC 0.345 20.00%
Generalized Slowing EUC-PR 0.045 80.00%
Focal Spike AUC-ROC 0.089 60.00%
Focal Spike AUC-PR 0.123 50.00%
Focal Spike EUC-ROC 0.167 40.00%
Focal Spike EUC-PR 0.145 50.00%
Generalized Spike AUC-ROC 0.078 60.00%
Generalized Spike AUC-PR 0.234 30.00%
Generalized Spike EUC-ROC 0.189 40.00%
Generalized Spike EUC-PR 0.345 20.00%

12. Validation on Diverse International Cohorts

To evaluate the generalizability of our model, we conducted additional experiments on the
TELEEEG dataset.

This dataset comprises 8,099 EEG recordings from individual participants collected across 23
countries and 42 clinical sites. Each entry includes demographic information such as sex and age
at the time of visit (ranging from infancy to over 100 years old), as well as EEG-specific metadata
including recording start time, duration, sampling rate, number of channels, and original file type.
The cohort contains both pediatric and adult patients, with a roughly balanced distribution of male
and female subjects. This diverse dataset supports downstream analyses of EEG patterns across a
wide range of ages, geographies, and acquisition settings. Each EEG recording in the dataset is
paired with a corresponding expert-written clinical report, typically authored by board-certified
neurologists or epilepsy specialists. These reports contain free-text interpretations of the EEG
findings.

Unlike the primary dataset described in the main text, which consists predominantly of EEGs from
Europe and North America, the majority of subjects in this dataset are from South America, Africa,
the Middle East, and other under-resourced regions (Figure S24A).

This introduces several challenges for model validation and generalization. First, the demographic
composition differs substantially, with greater ethnic and geographic diversity compared to the
original training population. Second, there is a notably higher proportion of infants and young
children (Figure S24B), whose EEG characteristics differ from those of older children and adults.
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Third, many recordings exhibit incomplete electrode coverage, often lacking the full set of 19
channels used in Morgoth’s training. Additionally, sampling rates vary widely across recordings,
further complicating data harmonization. While expert-written reports are available, they are not
always comprehensive, and heterogeneous reporting styles make automated label extraction
difficult and potentially unreliable. These limitations highlight the importance of caution when
using this dataset for validation purposes.
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We used both regular expressions and Medical LLaMA3 to extract EEG-level labels from the free-
text reports. Only labels for which both methods produced consistent results were retained as valid
annotations. These labels reflect overall findings at the EEG level (e.g., presence of spikes,
slowing), and thus can only be used to evaluate EEG-level classification tasks; event-level
assessments are not possible.

Here we evaluate EEG-level detection of normal activity, burst suppression, spikes, seizures, focal
slowing, generalized slowing, and sleep stage N1, N2. Other features, such as LPD, GPD, LRDA,
GRDA, sleep stage N3, and REM, were not mentioned in the reports.

As shown in Figure S25, overall performance was reasonable, with ROC AUC values exceeding
0.9 for all tasks except sleep. However, compared to other test sets, the model showed a significant
drop in performance for spike detection, seizure detection, and sleep stage N2, as evidenced by
non-overlapping confidence intervals.

The performance decline can be attributed to several factors. From a model perspective, one key
limitation is the absence of certain EEG channels in the external dataset, which may hinder the
model’s ability to fully interpret patterns. On the training side, the dataset may lack demographic
diversity—particularly underrepresented are infants and populations from low-resource regions—
potentially affecting generalization. Moreover, the reliability of the external labels is inherently
limited: some clinically relevant findings may not be explicitly documented in the EEG reports,
and many labels lack validation by multiple experts. These issues collectively reduce both the
fidelity of the ground truth and the alignment between training and evaluation conditions.
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Figure S25. Performance Results on External TELEEEG Datasets

13. Test on Missing Channels Datasets

To evaluate the model’s robustness under missing-channel scenarios, we categorized the 19
standard 10-20 EEG input channels into seven anatomical groups and simulated corresponding
channel dropout conditions. These seven groups include:

e Fp-missing: loss of frontopolar channels (Fpl, Fp2),

e F-missing: loss of frontal channels (F3, F4, F7, F8),

e C-missing: loss of central channels (C3, C4, Cz),

e P-missing: loss of parietal channels (P3, P4, Pz),

e O-missing: loss of occipital channels (O1, O2),

e T-missing: loss of temporal channels (T3/T7, T4/T8, T5/P7, T6/PS),
e Z-missing: loss of midline electrodes (Fz, Cz, Pz).

MORGOTH can handle EEG recordings with missing channels by automatically imputing them
using the mean of the available channels before feeding the data into the model. This evaluation
allows us to assess the generalizability and resilience of the model across diverse missing-channel
conditions.

We evaluated model performance on the IIIC-Test and MoE datasets for the following findings:
seizure, LPD, GPD, LRDA, GRDA, burst suppression, focal slowing, generalized slowing, focal
spikes, and generalized spikes. As shown in Figure S26, the experiments are based on both the
removal of varying numbers of channels and the removal of specific types of channels.

Under the removal of varying numbers of channels conditions, we removed channels randomly.

As shown in the Figure S26A, increasing the number of missing EEG channels leads to a gradual
decline in AUC-ROC across all classification tasks. Detection of focal spikes is most affected,
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1297  with performance dropping sharply after approximately 6—8 missing channels—indicating a clear
1298  inflection point beyond which detection becomes unreliable. Similarly, focal and generalized
1299  slowing exhibit steep declines beginning around 7-9 missing channels. In contrast, burst
1300  suppression remains highly robust, with minimal degradation even as up to 17 channels are
1301  removed, and no sharp inflection point is observed. Other features such as GRDA and LRDA show
1302  moderate declines, with more gradual inflection points around 10 missing channels. These results
1303  suggest that spatially localized features like spikes and slowing are highly sensitive to partial
1304  channel loss, especially beyond specific thresholds, while globally distributed patterns such as
1305  burst suppression are more resilient and less dependent on full spatial coverage.

1306  Under the removal of specific types of channels conditions, MORGOTH consistently
1307  outperformed SPaRCNet, except in the cases where F- or Z-channels were missing. When P- or
1308  C-channels were missing, MORGOTH still outperformed the Kaggle Winner model. In all
1309  missing-channel scenarios, MORGOTH consistently outperformed the burst-suppression baseline.

1310  For specific feature detection tasks, missing P channels had the least impact across all tasks.
1311  Missing F channels had the greatest impact on performance. Channel missing had the least impact
1312 on burst suppression detection. However, for features with strong spatial localization—such as
1313  LPD, GPD, focal slowing, and generalized slowing—the performance was more affected. For
1314  spatially localized features, replacing missing channels with the mean of other channels tends to
1315  “wash out” the distinctive abnormal patterns. These features rely heavily on detecting localized
1316  deviations from baseline activity. Once replaced with averaged values—often close to zero or
1317  normal background—the distinguishing signal may disappear entirely, making detection much
1318  harder for the model.

1319
AUC-ROC Performance Across Varying Numbers of Missing Channels
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Figure S26. Performance Results on Missing Channels Datasets
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