Highlights

Early-session EEG power can provide a
rough prediction of later session trends.

BGta aIld Gamma NQUI’OfQGdbaCk aIld COgIlitiVG Linear models using run index capture

. o trends across runs for each frequency
Performance to Predict Training Outcomes D e values closely follow actu
3 howiLsene o [=] trends, showing the model’s usefulness.

There are different frequencies of brainwaves, : : : :
o o Rddhima Bora Advisor: Dr. Kevin Crowthers Beta (13-30 Hz) and Gamma (30-100 Hz)
each categorized into delta (less than 4 Hz), bands show variability across subjects

theta (4-8 Hz), alpha (8-13 Hz), beta (13-30 Hz), and runs.
Early sessions are important as baseline

Back d . . . .
Neurofeedback training (NFT) uses EEG to help [nvestigating the Relationship Between Alpha,

people self-regulate their brain activity.
» Variability exists: some people show strong

improvements while others show minimal

change.

and gamma (30-100 Hz). Each frequency band

represents a particular physiological function. ResearCh QHQSti()Il Hyp()thﬁ SiS points for tracking changes over time.

Simulations highlight that higher-
BRAINWAVES AND NEUROFEEDBACK frequency bands (gamma) tend to have

Can early changes in a\pha, beta, Individuals who show early increases more variability than lower-frequency

Vi ' : : . bands.
and gamma EEG activity during in the trained frequency band will e
neurofeedback predict long-term demonstrate greater cognitive gains

improvements in cognitive across training sessions.
performance?

EEG Neurofeedback

. . . . '/'- -
Provides real-time monitoring and %)
brainwave training - EERSEE vk

Learn to self-regulate brainwaves

Future Steps

Collect real EEG data for all sessions.

RESEARCH MOTIVATION

2/ © Compute actual band power for alpha,
\Wigle} k?enefits? _ Early |ndicgtors?- Peroholizgq Feedback beta 9 a m m a

others do not? NFT success? individual needs

o — Results Test different prediction models (linear,

|dentify Patterns in Brainwaves that

Predict Cognitive Performance Predicted vs Actual Beta Power

| | nonlinear,).
Eome Explore time-based x-axis instead of run
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Methodology ] Compare subject-level variability across
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Participants: Healthy volunteers o | seare bands.
Equipment: EEG hegdset, Open BCl software, s Ac Extend to Cross_band Correlations (e.g.’
Faraday cage, cognitive test, MATLAB
o alpha—gamma).
Training Protocols:
» Each participant trains each
frequency band
* Real-time visual feedback indicates
successful modulation
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