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Brain data is necessary to understand the pathophysiology of disease
Example: Notched delta in Angelman Syndrome is a well-described EEG-based biomarker
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Routine EEG in 9yo male with Angelman syndrome shows characteristic Delta power elevation (due to presence of notched delta) has

consistently been shown to correlate with developmental outcomes

notched delta pattern
(here, Bayley Scale Cognitive Score, R? = 0.9374)

Nascimento, FA et al. Neurology. 2021. 97 (15), e1543-e1544. https://doi.org/10.1212/WNL.0000000000012201
Ostrowski, L. M., et al. Annals of Clinical and Translational Neurology. 2021. 8 (7), 1467-1479. https://doi.org/10.1002/acn3.51385
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Al can now be used to ingest and evaluate EEG data, providing objective and
quantitative assessment of behavioral pathologies

Seizure identification is more reliable when using EEG

Seizures by self-report
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Nocturnal seizures, absence epilepsy, sub-clinical seizures (esp.
in neonates, critical care) are at greatest risk of missed
detection

Original unpublished data.

Algorithmic identification of IEDs outperforms individual human experts

ROC curve for IED detection IED detection calibration
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Epileptiform discharge detector is calibrated to extract interictal epileptiform discharges
(IEDs) more reliably than human experts, and can be used to compute quantitative
endpoints such as 24-hour spike burden




Expert-level classification of pathological EEG patterns across diverse datasets is possible
with machine learning

« Training, validation, and testing datasets from studies including 6428 subjects and 40,000 labels
o Testing dataset includes recordings of 460 subjects
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Legend Conclusions
Algorithm classification performance compared to consensus of | A el is capable of accurately classifying a continuum of pathological EEG patterns, trained from a highly
all experts (red dots) and single EEG expert performance . .
. diverse dataset with sparse labels.
compared to consensus of remaining experts (black dots) for (A) ) ) ] ) ]
Seizures; (B) periodic discharges PD; (C) rhythmic delta activity o EEG rhythms of concern include patterns that are not frankly ictal. This model is capable of labelling
RDA; (D) any other EEG pattern. The algorithm’s ROC curves and electrographic seizures as well as IIC, rhythmic, periodic and non-ictal patterns.
95% confidence intervals of sensitivities are shown as green lines o« Accurate labelling and quantification of these patterns allow for improved EEG neurobiomarker development
and shaded areas. for a diverse set of encephalopathies and neuropsychiatric disorders.

Furbass et al. Machine Learning Algorithm Matches Experts in Identifying Interictal Ictal Injury Continuum EEG Pattern. IEC 2023. Dublin.



Machine learning-based analysis of EEG data can be used to identify novel
biomarkers predicting developmental outcomes in DEEs

95th Percentile IED Burden Effect of 95th Percentile IED Burden on
By Gross Motor Developmental Delay and Mutation Type - Probability of Gross Motor Developmental Delay
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Methods Conclusions
o A machine learning model trained and evaluated on EEG segments o Recurrent epileptiform activity appears to precede developmental delay in SCN2A subjects with
labeled by 8 epileptologists was used to identify 1 second GoF variants.
windows containing IEDs, and IED burden; or percent time o These findings demonstrate that EEG contains critical biomarkers of DEE- especially for SCN2A
containing IEDs, was computed using a 20 second rolling window. GoF subjects, and IED burden could aid in patient selection when therapy carries significant
e 197 recordings collected from 7 GoF subjects risk.
e 70 recordings collected from 11 LoF subjects o Treatments aimed at controlling epileptic activity may be particularly effective in improving

« Subject age range: 1 day — 16 years developmental outcomes in subjects with GoF mutations.

Fogerson et al. A Novel Relationship between Interictal Epileptiform Discharge Burden and Gross Motor Developmental Delay in SCN2A Developmental and Epileptic Encephalopathy. AES 2023. Orlando, FI.



But collecting EEG from children with developmental and epileptic encephalopathies is
time-consuming and problematic

Collection becomes
challenging, traumatic and infeasible for
long term clinical trials

Image: Getty.



Epileptiform Discharge Detector using Deep Neural Network is robust against missing
EEG channels

IED detection sensitivity remains high when missing Little effect due to location of missing channels for
half of EEG recorded channels moderate numbers of missing channels
e . Specific channel ordering of zeroed channels
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Robertson et al. Robustness of a Deep Neural Network Epileptiform Discharge Detector to Missing Channels in EEG AES 2022. Nashville, TN




Classifying brain state data (sleep-staging) algorithmically can be done near equivalently
between one and six electrodes

Subset of validation data that has all 6 EEG channels (frontal, central, & occipital) shows relatively small decrease in
performance when staging sleep using a single channel

Multi-class kappa by electrode location

Mean per-stage kappa by channel 1.0
c3-m2 0.776 0.517 0.723 0.673 0.778
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An automated sleep staging algorithm demonstrates improved precision over
expert human inter-reader agreement rates even when using technician-free
acquisition hardware

Algorithm-expert agreement ROC curves
1.0
Multiclass - 0.797 /(
— 0.8 wake
wake - 0.891 BaL MSE 001
— ‘?—é ‘ nrem1
nremi - 0.59 @ 0.6 ggucnfsuec oo
= nrem2
8 ROC AUC 0.97
nremz2 - 0.783 a 0.4 Cal. MSE 0.03
% ' nrem3
e = ROC AUC 0.99
nrems - 0.745 Cal. MSE 0.09
rem
' = 0.2 ROG AUC 0.9
rem - 0.859 Cal. MSE 0.0
0 1 0.0 0.2 04 0.6 0.8 1.0

Cohen's kappa False positive rate

Typical literature-reported range of
inter-rater agreement*

1.lee, Y. )., Lee, J. Y., Cho, J. H. & Choi, J. H. Interrater reliability of sleep stage scoring: a meta-analysis. J Clin Sleep Med 18, 193-202 (2022).

2.Danker-Hopfe, H. et al. Interrater reliability for sleep scoring according to the Rechtschaffen & Kales and the new AASM standard. J Sleep Res 18, 74—84 (2009).
3.Danker-Hopfe, H. et al. Interrater reliability between scorers from eight European sleep laboratories in subjects with different sleep disorders. J Sleep Res 13, 63—69 (2004).
4.Basner, M., Griefahn, B. & Penzel, T. Inter-rater agreement in sleep stage classification between centers with different backgrounds. Somnologie 12, 75-84 (2008).

Original unpublished data.



Algorithmic approaches drive scale for clinical trials (Phase 1):

DSP and ML-based quality segment extraction boost detected signal to noise, enabling identification of alpha power
as a Parkinson’s Disease treatment biomarker

Eyes-closed Alpha Power (8-12 Hz)

Treated

Pre-treatment

60.0
Placebo (change 400
from baseline) 20'0
0.0
200
400
£0.0
%
60.0
Treated (change 40.0
from baseline) 200
— e 0.0
200
400
£0.0
%
60.0
Treated (relative to 40.0

placebo)
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Algorithmic approaches drive scale for clinical trials (Phase 3):
Daridorexant’s impact on sleep architecture and hyperarousal in chronic insomnia

Figure 1. Difference in Sleep-Wake transition probabilities from epoch-to-
epoch: placebo-corrected change from baseline for daridorexant (25 mg and Figure 4. Relative Spectral Features. Mean (points) and 95% Cl at each
50 mg) at Month 3. Significant (p <0.05) coefficients have been highlighted. time point and treatment arm. “+” indicates p<0.05 vs baseline, whereas
Month 3 “*" indicates p<0.05 vs placebo. Figures are only shown for features that
Daridorexant 25 mg Daridorexant 50 mg were statistically significant (p<0.05).
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Sleep EEG enables direct interrogation of neurophysiologic changes of daridorexant, proving mechanistically that treatment increases Wake 2>
Sleep transitions + reverses hyperarousal

Di Marco, T et al. Sleep, 2024, https://doi.org/10.1093/sleep/zsae098
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Epileptiform activity is now detectable with
technician-free, at-home, reduced montage EEG
acquisition across many pediatric
neurodevelopmental disorders

Angelman Syndrome (notched delta)
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DEE: STXBP1 (Slow spike and wave)
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