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The Burden of CNS Disorders 
• Patients cycle through multiple therapies and may undergo futile invasive treatments.
• CNS drug development suffers from high trial failure rates, placebo effects, and lack of 

response biomarkers.
Pain Points

• Trial-and-error prescribing delays recovery.
• Heterogeneity in clinical trials reduces statistical power.
• Large placebo responses complicate outcomes.

Pressing Needs:  Accurate, actionable and scalable biomarkers for CNS diseases

Pressing Unmet Needs Impacting CNS Disease Care

“Being able to predict which anti-seizure medication was likely or unlikely to be effective and well-
tolerated would be a game-changer in epilepsy therapy.  Until then, doctors are guessing, and patients are 
gambling.”  
      - Dr. Robert Fisher

References: Kwan et al. 2000; Noble et al. 2012; Manjunath et al, 2012; Upadhayay et al. 2024;  



• Direct Window into Brain Function
• EEG is the most direct, noninvasive measure of neuronal activity with millisecond resolution.

• Scalable and Accessible
• EEG is already widely available in hospitals and clinics, inexpensive compared to MRI or PET.
• Portable and increasingly wearable, making it suitable for longitudinal monitoring and real-world use.

• Rich Information Content
• Contains information of brain activity across time, frequency, space, and task — providing a multidimensional 

fingerprint of neural health.

• Broad CNS Applicability
• Epilepsy, depression, ADHD, ASD, Alzheimer’s, schizophrenia—all show EEG signatures.
• One platform can potentially address multiple indications with tailored algorithms.

• Decades of safety

The Promise of EEG as CNS Biomarker Platform

BUT:  Why has EEG not succeeded to become the biomarker for 
brain diseases like ECG for heart diseases?



• Standard of care: Universal, every ER, 
primary care, hospital bedside.

• Regulatory acceptance: ECG abnormalities 
are FDA-recognized diagnostic and 
prognostic biomarkers.

• Payer adoption: Fully reimbursed; used for 
triage, monitoring, treatment selection, and 
device eligibility (e.g., defibrillators).

• Clinical utility: ECG results directly change 
decisions in real time.

ECG in Cardiology vs. EEG in CNS: The GAP

ECG in Cardiology

• Not standard of care in psychiatry: Used 
mainly in neurology (epilepsy, coma 
monitoring), rarely in depression, ADHD, ASD.

• Regulatory status: No FDA-qualified 
predictive EEG biomarkers for CNS disorders 
(some under investigation, e.g., N170 for 
autism).

• Payer stance: EEG reimbursed for seizure 
monitoring, not for psychiatric biomarker use.

• Clinical utility: Today, largely 
research/exploratory. No accepted EEG 
biomarker that changes front-line CNS 
treatment.

EEG in CNS



• Signal Complexity
• ECG: simple waveforms
• EEG: Complex waveform, hard to interpret

• Physiological Correlates 
• Heart = pump with predictable rhythms; 
• Brain = highly complex networks with overlapping 

signatures.

• Data Infrastructure 
• Massive ECG datasets standardized globally; 
• EEG data is fragmented, noisy, non-harmonized.

• Clinical Validity and Utility
• ECG saves lives and money immediately; 
• EEG biomarkers still unproven in cost savings. 

What is Causing the GAP?

ECG is the universal, trusted 
biomarker for heart disease; 

EEG could play the same role for 
the brain — but the gap lies in 
complexity, standardization, and 
clinical validation.



Complexity to Comprehension
• Problem: EEG is noisy, multidimensional, non-stationary; far more complex than ECG’s simple 

waveforms.
• AI Solution: May extract stable features (connectivity, microstates, spectral fingerprints) that 

humans cannot reliably see.
• Potential Impact: Converts messy EEG into standardized “biomarker signatures” as interpretable 

as an ECG strip.

Lack of Standardization to Cross-Site Harmonization
• Problem: EEG protocols vary by site, equipment, preprocessing pipelines.
• AI Solution: Domain adaptation, harmonization algorithms, and large-scale training datasets can 

normalize across devices and populations.
• Potential Impact: Creates unified biomarker outputs across hospitals, similar to how ECG 

readings are standardized worldwide.

Can AI Shrink the EEG/Brain – ECG/Heart Gap



Weak Signal–Disease Mapping to Hidden Endophenotypes
• Problem: Brain disorders don’t map simply to EEG waveforms like 

arrhythmias to ECG.
• AI Solution: can build correlation with complex feature/embedding sets.
• Potential Impact: Unlocks predictive power for treatment response, drug 

stratification, and trial design.

Limited Clinical Utility to Real-World Deployment
• Problem: EEG historically stayed in research labs or epilepsy wards.
• AI Solution: Cloud-based analysis, automated reports, and integration with 

EHRs make EEG biomarkers scalable and usable at the point of care.
• Potential Impact: Transforms EEG from specialist tool to front-line biomarker, 

analogous to ECG in ERs.

How Can AI Help?

AI holds the promise to shrink the EEG–ECG gap by turning complex, variable brain signals 
into standardized, clinically actionable biomarkers



• Overfitting: High training accuracy doesn’t equal real-world value.
• Validation: Accessibility of high-quality labeled data.
• Small sample sizes: Inflated performance, limited reproducibility.
• Heterogeneity in data collection: EEG cap types, recording settings, etc.
• Lack of clinical integration: Outputs must be usable and interpretable

Scientific rigor + clinical usability are both non-negotiable.

Pitfalls and Challenges



Emerging Evidence of 
AI-Empowered EEG as CNS Biomarkers



Distinctive Pain Points
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Case Example 1: Levetiracetam Outcome Prediction Biomarker 

Dataset:
• The Human Epilepsy Project (HEP)
• Naturalistic study, over 300 patients from 30 sites
• Funded by the Epilepsy Consortium

Findings:
• Levetiracetam, Lamotrigine, and Refractory prediction 

biomarkers
• Achieved 85%+ prediction accuracy
• Potentially enables precision anti-seizure-medicine (ASM) 

treatment.

Clinical Significances:
• Faster Seizure Control: Helps choose effective ASM early, reducing trial-and-error.
• Fewer Side Effects: Limits use of ineffective or poorly tolerated drugs.
• Better Long-term Outcomes: Improves adherence and clinical results with earlier success.

AUC = 0.85



Case Example 3: Epilepsy Diagnostic Biomarker 

Dataset:
• MGH dataset
• 59 patients with severe epilepsy and 100 patients without epilepsy.
Findings
• AUC=0.80, Balanced Accuracy: 0.80
• Severe epilepsy: Sensitivity 0.86, Specificity 0.73, Prevalence 0.37
Compared to Status Quo:
• First rEEG captured IED/seizures with a sensitivity of 11%, and 22% for 

the second rEEG.  
• (Hernandez-Ronquillo et.al. 2023)

Clinical Significance:
• Earlier Diagnosis: Detects epilepsy even without interictal 

epileptiform discharges (IEDs), enabling faster intervention.
• Broader Applicability: Useful across more EEG recordings, 

including normal-appearing ones.
• Reduced Misdiagnosis: Improves diagnostic confidence, 

lowering false positives and negatives.



TMScope 1.1
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Dataset: 
• Acquired from Brown-Butler hospital
• 128 subjects of Treatment Resistant Depression
• Efficacy measurement: IDS-SR and PHQ-9
• Baseline and endpoint eyes-close EEG. 
• Open label clinical data, no placebo control. 
• 55% patients are responders. 

Findings
• Balanced best-in-class prediction accuracy 83%

Clinical Significance:
• Early assessment of efficacy for individual patient
• Shorten patient suffering from ineffective treatment
• Minimize risk of suicide and comorbidity development
• Significant saving to healthcare systems

Case Example 4: MDD-TMS Biomarker

Accuracy: 0.832

TMScope 
1.1

Accuracy 0.832

AUC 0.91

PPV 0.82

NPV 0.87

Sensitivity 0.89

Specificity 0.75
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NIMH-funded Establishing Moderators and Biosignatures of 
Antidepressant Response in Clinical care (EMBARC)

Background:
• No biological or clinical marker had demonstrated sufficient ability to match individuals to efficacious treatment for MDD
• Goal:  Develop biosignatures developed from the systematic exploration of multiple biological markers, which might optimize 

treatment selection for individuals (moderators) and provide early indication of ultimate treatment response (mediators)
• Multi-site, placebo-controlled 8-week randomized clinical trial of sertraline (stage 1)
• Standardized assessment of biomarkers across and replicable quality control methods
• NIMH-funded, the data were made available in a public scientific repository.
• Other studies had similar goals (iSPOT, PreDICT) but lacked a placebo control arm.
Hypotheses:
• Clinical moderators included anxious depression, early trauma, gender, melancholic and atypical depression, anger attacks, 

Axis II disorder, hypersomnia/fatigue, and chronicity of depression.
• Biological moderator and mediators included cerebral cortical thickness, task-based fMRI (reward and emotion conflict), 

resting connectivity, diffusion tensor imaging (DTI), arterial spin labeling (ASL), electroencephalography (EEG), cortical 
evoked potentials, and behavioral/cognitive tasks.

Results:  
• Recruitment began July 29, 2011, and was completed December 15, 2015. 
• There was a failure to separate sertraline and placebo (p=.065) but a trove of biomarker data.

Trivedi, M., et al., 2016, J Psych Research; 78 11-23. https://doi.org/10.1016/j.jpsychires.2016.03.001

https://doi.org/10.1016/j.jpsychires.2016.03.001


• EEG + AI predicts SSRI response with accuracy exceeding clinical predictors
• Early stratification → fewer failed trials

Case Example 5: Depression Patient Stratification

Subtype 1 (n=98) Subtype 3 (n=41)Subtype 2 
(n=76)

Whole group (n=215)

Large Effect Size
Clinical Trial Killer

Adverse Drug Response

Subtyping

• All comers:  n = 215, Cohen’s d = 0.28 (p = 0.064) 
• Subtype 1: n = 98, d = 1.24 (p << 0.0001), responder group   
• Subtype 2: n = 76, d = 0.23 (p = 0.36), non-responder group
• Subtype 3: n = 41, d = -1.45 (p = 0.0003), super-placebo responder



Case Example 6: MDD Placebo Biomarker

• Dataset: 

• EMBARC study

• Training data: 126 subjects in placebo arm

• Findings

• Placebo biomarker can prediction placebo response with 
accuracy of ~0.8

• Implications:

• Placebo biomarkers are drug independent

• Placebo biomarkers may share commonalities across 
indications

• Validation of the placebo biomarker model is progress. 



Potential Use of Placebo Biomarker in Clinical Development

Findings

• Removal of 20% of subjects based on Neumarker placebo biomarker (using baseline EEG data) may significantly increase effect size and 
reduce the p value.

Clinical Significance:

• Application of placebo biomarkers in clinical development may significantly increase the probabilities of success, and reduce the risk of 
failure of clinical trials

• Further validation of the model is in progress

p=0.0001
Cohen’s d=0.72

p=0.06
Cohen’s 
d=0.27



• Identify applications with high clinical utility.
• Retrospective and prospective clinical trials.
• Deliver Actionable Insights: Ensure EEG technology is accurate, 

and practical—ready for real-world diagnosis, prediction, and 
treatment guidance.

• Reimbursement and regulatory pathway.

Looking Ahead



• Make EEG the Standard of Brain Health

• Aiming to establish EEG as the most accessible, routine tool for 
assessing brain function

   
    — “ECG of Neuropsychiatry”

Vision for the Future



THANK YOU
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