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Abstract: Artificial intelligence (AI) is increasingly being used to assist physicians with their medical diagnosis and patient care and
improve communication between doctors and their patients. This paper demonstrates how machine learning (ML), a subset of AI,
can pre-screen electroencephalograms (EEGs) to assess the overall quality of the EEG and identify artifacts or abnormalities. We
developed the “Brain Panel,” an automated ML tool that supplements clinical neurophysiologists’ quality review screening. The Brain
Panel generates results prior to visual inspection or quantitative EEG (QEEG) analysis, highlighting potential technical issues or clinical
concerns through novel metrics and interpretation methods. We subjected 100 Brain Panel reports and 100 corresponding physician
reports from the same EEGs to independent AI evaluations using Grok and Claude. Results show that the Brain Panel provides a
sensitive, neurologically informed method to estimate artifacts, assess EEG quality, detect drowsiness, and indicate the likelihood of brain
abnormalities. By identifying optimal combinations of Brain Panel metrics, we created detection algorithms that achieved sensitivities
of 89–95% for clinically relevant findings. This approach demonstrates that using AI to analyze and interpret automated Brain Panel
reports produces a system with clear clinical value for detecting technical and clinical issues in EEGs, enhancing neurologist productivity
without replacing expert judgment.
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1. Introduction

More healthcare professionals are embracing the use of
quantitative electroencephalogram (QEEG) and neurometrics in
their clinical practices as a common form of assessment for their
clients [1–3]. With the acceptance of QEEG and neurometrics,
the gap between QEEG and electroencephalogram (EEG) profes-
sionals has been narrowing. In fact, new guidelines have just been
released standardizing multi-channel EEG data acquisition, which
follows the standards set forth by the American Clinical Neu-
rophysiology Society [4], with the expectation that collaboration
between medical and mental health fields will increase.

Many clinicians using neurofeedback along with QEEG also
use a screening review service to evaluate the quality of the EEG
recording and to look for any findings that may indicate the
need for a referral to a neurologist or epileptologist. The system
reported here is designed to supplement a physician’s review by
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providing a quantitative guide to the EEG properties that are
generally amenable to visual inspection.

The need for a machine learning (ML)-Enhanced Quality
Review Report was conceived by the authors to streamline the
EEG quality review process and to generate a report that more
closely mimics a physician’s report. As technology is improving
daily, the use of artificial intelligence (AI) in EEG interpretation
was inevitable and shows significant potential [5]. Just as clinicians
use computer software to aid in the evaluation of the EEG to
derive specific neurometrics that cannot be seen with the naked
eye, we used ML to inspect the EEG using predefined rules to aid
in the review process.

While many people use the terms AI and ML interchange-
ably, they are different. ML is a subset of AI. AI is a broad
term that encompasses different strategies and techniques to make
machines more human-like, to imitate cognitive functions and
decision-making to solve problems [6]. Alexa, Siri, self-driving
cars, and robotic home cleaning machines are just a few exam-
ples of how AI is being used. AI exploits methods wherein the
computer tries to learn to identify patterns and create rules. AI is
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very open in design and is prone to “hallucinations” and creat-
ing a fictional reality to satisfy its goals. With ML, on the other
hand, the computer is given a set of rules to extract patterns from
a dataset to perform well-defined tasks.

With AI, the rules the machine uses will change with the
expectation that “learning” is occurring. The issue with this is that
you may not get the same results if you evaluate the EEG at differ-
ent times, especially after rules have changed. While this does not
undermine the value of AI, the authors wanted a more fixed set of
metric outcomes, which could then be subjected to an AI-based
process, to refine their application. The rules used in the ML
machine model are predefined; they do not change. We get the
same answers every time. The machine is not learning and chang-
ing its own rules; rather, it is improving its accuracy over time as
the database increases, providing a strict set of measurements.

This new method of evaluating an EEG allows us to create a
new type of database that challenges the conventional wisdom of
accepted normative database standards. We did not, for example,
employ a rejection criterion for included EEGs. Any EEG that
was submitted to our review service could be included. We further
did not attempt to select “normal” EEGs but considered this a
database of any possible submitted EEGs. This approach allows
us to produce a quality review report that can generate data and
metrics that mimic a physician’s report.

Our intent is not to replace the neurologist but rather to pro-
vide a tool that can enhance the neurologist’s work in terms of
productivity. This is not some type of surrogate or replacement
for the neurologist. We apply AI to leverage and enhance the neu-
rologists’ work, not to encroach or threaten their territory and
expertise. None of the neurologists’ tasks are replaced. Rather, an
additional layer of inspection using an automated tool is applied
as part of an extended procedure, never replacing an existing step.
This distinguishes our approach from systems that purport to
replace or mimic the clinician, thus attempting to replace a human
operation with an automated one.

Our working hypothesis was that the various metrics would
emerge as indicators of particular facets of the EEG, which would
include whether there is injury or pathology, whether the client
was still, attentive, or drowsy, for example, or whether there would
be abnormalities cited in the EEG. It was anticipated that, after
sufficient data had been collected that combined Brain Panel
reports with their respective EEG reviews, it would be possible
to perform a comparison in the form of a discriminant analysis
that would reveal any significant correlations. At the time that the
Brain Panel was created, we did not have access to AI tools to
perform this analysis. However, by the time that we had accumu-
lated a sufficient sample (100 EEGs with reviews), the available
AI tools had evolved to provide a means to perform this analysis
and reveal which metrics had clinical relevance.

2. Related Work

The Brain Panel system builds on a rich foundation of EEG
analysis methodologies, distinguishing itself through its super-
vised ML approach, which contrasts with traditional AI and
QEEG systems. Prior work in EEG analysis has focused on
automated detection of epileptiform activity or normative QEEG
databases to identify deviations from “normal” brain activ-
ity. These systems often rely on predefined normative datasets,
which exclude abnormal EEGs, limiting their applicability to
diverse clinical populations. In contrast, the Brain Panel’s inclu-
sive database, accepting all EEGs meeting a 60-second minimum,
aligns with real-world clinical variability, echoing the approach

of Thomas Collura and Jeff Tarrant, who emphasized the need
for representative EEG datasets [7]. Additionally, while AI-driven
systems like deep learning neural networks excel at pattern recog-
nition, their opaque rule generation can lead to unpredictable
outputs, as noted in misclassifications of non-EEG objects.

ML is being used to classify relaxation states during dif-
ferent postures from the EEG [8]. This work can have an
impact on how relaxation states can be detected between eyes-
open and eyes-closed conditions. Interpretable ML is being used
to improve clinician performance in classifying EEG patterns
on the Ictal-Interictal Injury Continuum, which could reduce
human bias and accelerate the diagnostic process [9]. The Brain
Panel’s use of predefined metrics, such as moments and fractal
dimension, draws inspiration from mechanical engineering appli-
cations and entropy-based neurometrics, offering transparent and
interpretable results. By integrating high-resolution fast Fourier
transform (FFT) and independent component analysis (ICA)
for artifact removal, the Brain Panel advances prior supervised
ML approaches, providing a robust tool for EEG pre-screening
that complements human expertise while addressing limitations
of normative and AI-based systems.

Explainable, clinically integrated ML approaches are increas-
ingly being applied to EEG analysis [10]. Researchers have
developed an ML model to facilitate the detection of interic-
tal epileptiform discharges (IED), which helps with the speed in
overall IED detection [11]. Using ML algorithms like this can
improve the ability of medical professionals to read the EEG
and, at the same time, double medical professionals’ accuracy by
greatly improving their decision-making rather than telling them
what to do, especially when dealing with large amounts of data.
Another study focuses on data-driven approaches that can extract
biologically meaningful features from population-level clinical
EEGs without artifact rejection [12]. These works also intersect
with recent efforts to standardize EEG acquisition, which aim to
reduce metric variability seen in earlier studies [4]. Unlike systems
focused solely on diagnostic outcomes, such as seizure detection,
the Brain Panel prioritizes quality control and clinical assistance,
positioning it as a bridge between traditional visual inspection
and emerging automated tools. Its potential as a feature set for
neural networks aligns with ongoing research into hybrid ML-
AI systems, suggesting a pathway for future integration with
self-learning frameworks to enhance EEG interpretation.

3. Methods

3.1. Study design and overview

This study employed a retrospective observational design
to develop and validate the Brain Panel, a supervised ML tool
for automated pre-screening of clinical EEGs. The system was
designed to quantitatively approximate key features of physician
visual EEG inspection without replacing clinical judgment. The
study proceeded in three phases: (1) construction and statistical
validation of a clinical EEG reference database, (2) development
and automated deployment of the Brain Panel reporting system,
and (3) comparative validation of Brain Panel outputs against
paired neurologist quality review reports from a subset of 100
recordings, using two independent AI language model platforms
[13, 14].

The ML approach used here is distinguished from general
AI in that all analytic rules and metric definitions were fixed
and investigator-specified prior to analysis. The system does not
learn or modify its own rules; instead, it applies a stable set of
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predefined computations to each new EEG, accumulating
population statistics as the database grows. This ensures repro-
ducibility: the same EEG evaluated at any time will yield identical
metric values.

3.2. EEG database construction

3.2.1. Source and inclusion/exclusion criteria
The Brain Panel reference database was constructed from raw

EEG recordings submitted by clinicians to a clinical EEG quality
review service operated by the authors. All recordings included
in the database were routine 20-min EEGs submitted within the
three years prior to January 1, 2026. EEGs were accepted from any
subscribing clinician without pre-selection for clinical normalcy,
yielding a database that reflects the full spectrum of recordings
encountered in a real-world clinical screening service, including
those with artifacts, technical issues, and clinical abnormalities.

Inclusion criterion: Any clinician-submitted EEG recording
with a duration of ≥ 60 s.

Exclusion criterion: Any EEG recording with a duration of <
60 s. No additional exclusion criteria were applied; recordings with
clinical abnormalities, excessive artifacts, or clinically significant
deviations were retained in the database.

This inclusive approach deliberately departs from normative
database construction, in which recordings from individuals with
neurological or psychiatric conditions are typically excluded. The
rationale for this approach is to produce a reference that is rep-
resentative of actual clinical submissions rather than an idealized
healthy sample.

QEEG databases have established themselves as being use-
ful for supporting diagnosis in the healthcare field. The database
currently being constructed is derived from submissions from sub-
scribing clinicians and therefore, by definition, does not constitute
a “normative” database, but rather one that represents what is
seen in a clinical EEG service and analyzed with regard to what
a visual inspection of the EEG might state.

3.2.2. Participants
A total of 191 EEG recordings were included in the reference

database as of January 1, 2026. Recordings were drawn from a
clinically diverse population including children, adolescents, and
adults ranging in age from 4 to 80 years, of both sexes. Patients
had been referred for a variety of mental health, behavioral, and
neurological concerns, including attention-deficit/hyperactivity
disorder, anxiety, depression, autism spectrum disorder (ASD),
trauma, traumatic brain injury (TBI), and other conditions. No
additional demographic matching or stratification was applied.

3.2.3. EEG acquisition
All EEGs were acquired using an FDA-registered EEG

amplifier manufactured by BrainMaster Technologies, Inc. (Bed-
ford, OH, USA) in accordance with standard procedures for a
clinical 20-min EEG. The standard acquisition protocol consisted
of 10 min with eyes open followed by 10 min with eyes closed.
Electrode placement followed the International 10–20 system at
all 19 standard scalp sites (Fp1, Fp2, F3, F4, F7, F8, T3, T4, T5,
T6, C3, C4, P3, P4, Fz, Cz, Pz, O1, O2, and linked ears refer-
ence). Recordings were referenced to linked ears throughout. All
recordings were submitted to the screening service in European
Data Format (EDF).

3.3. Signal processing and feature extraction

The Brain Panel processing pipeline was fully automated and
applied identically to every submitted EEG. No human inter-
vention occurred between EDF upload and report generation.
The processing steps are described below and summarized in
Flowchart 1.

Flowchart 1
The Brain Panel Processing Pipeline

3.3.1. Artifact removal
ICA was applied to each EEG recording to identify and

remove ocular artifact components [15, 16]. All channels iden-
tified by ICA as containing ocular activity were removed, and
the remaining components were used to reconstruct a cleaned
EEG signal. This step was applied prior to any spectral or metric
computation.

3.3.2. Epoching
Following artifact removal, each reconstructed EEG was

divided into consecutive non-overlapping 10-s epochs. Any final
epoch shorter than 10 s was discarded. The 10-s epoch length
was chosen to provide a frequency resolution of 0.1 Hz in the
subsequent FFT analysis.

3.3.3. Spectral analysis
For each epoch and each of the 19 electrode channels, spec-

tral power was computed using the FFT. The analysis covered a
frequency range of 0–70 Hz, yielding a spectral resolution of 0.1
Hz. This high-resolution approach enables precise identification
of narrowband features such as the posterior dominant rhythm
(PDR), peak frequency, individual alpha sub-bands (Alpha 1 and
Alpha 2), and 60 Hz power-line noise as a signal quality indicator.
All spectral metrics were computed on the ICA-cleaned signal.

3.4. Brain Panel metric definitions

A total of 48 investigator-defined metrics were computed for
each EEG recording. All metrics were specified prior to data col-
lection and remained fixed throughout the study. The metrics are
organized into seven categories: Statistical Measures, PDR, Phe-
notypes, Focal Measures, Frontal Measures, Diffuse Measures,
and State Shifts (Moments). Full definitions for all 48 metrics
are provided in Appendix A. Key metric categories are described
below.

Statistical Measures: RAW STD (power in the raw signal)
and Global STD (power in the ICA-filtered signal) quantify
overall amplitude deviations from the sample population mean,
providing a direct index of ICA artifact removal efficacy.

PDR Metrics: Nine metrics characterize the PDR, includ-
ing symmetry (left–right balance at O1/O2), synchrony (coherence
between O1 and O2), regulation (an entropy-based measure of
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momentary variability in occipital alpha activity), magnitude,
sinusoidal purity, posterior dominance index (front/back ampli-
tude ratio), FFT bandwidth, peak amplitude, burst width. The
regulation metric is derived from Shannon entropy and reflects
the degree of self-organization in the PDR, with low entropy
indicating rigidly rhythmic activity and high entropy indicating
disorder.

Phenotype Metrics: Six metrics capture hemispheric and
regional features: frontal beta asymmetry, frontal asymmetry
ratio, excessive temporal alpha (at T3, T4, T5, T6), alpha speed
(Alpha2/Alpha1 ratio), alpha peak frequency, and midline beta
(Fz, Cz, Pz).

Focal Metrics:Four metrics characterize activity at the frontal
electrode sites (Fp1, Fp2, F3, F4, F7, F8): delta, theta, and gamma
power, plus a frontal gamma asymmetry index. Frontal gamma
asymmetry provides an index of approach–avoidance tendencies.

Diffuse Metrics: Seven metrics reflect global brain activity
by summing power magnitudes across all channels in the delta,
theta, beta, high-beta, and gamma bands, plus a 60 Hz metric (a
non-biological signal quality indicator) and a fractal dimension
metric. Fractal dimension quantifies the computational complex-
ity of global EEG activity using a standard fractal algorithm and
has been associated with cognitive function and brain state.

Frontal Metrics: Four metrics quantify power at the frontal
electrode sites (Fp1, Fp2, F3, F4, F7, F8) in the delta,
theta, gamma, and gamma asymmetry bands. Frontal gamma
asymmetry provides an index of approach–avoidance tendencies.

State Shift Metrics (Moments): Twelve metrics adapted from
mechanical engineering moment analysis describe the temporal
distribution of spectral power across the recording session in four
frequency bands (PDR/alpha, delta, theta, beta). For each band,
three moments are computed: Moment 1 (total energy across the
session), Moment 2 (temporal center of gravity, i.e., where energy
is concentrated in time), and Moment 3 (temporal variability or
spread of energy, sensitive to state shifts such as drowsiness or
alertness changes). These metrics are novel in the EEG litera-
ture and provide a structured approach to detecting within-session
state changes that are otherwise assessed informally by visual
inspection.

3.5. Statistical reference database and Z-score
computation

For each of the 48 metrics, population-level statistics (mean
(μ) and standard deviation (𝜎)) were computed by pooling metric
values across all recordings in the reference database. These statis-
tics were updated with each new submission. Individual z-scores
were computed for each metric in each recording as z = (x − μ)/𝜎,
where x is the metric value for the individual recording. Z-scores
with absolute values exceeding predefined out-of-bounds (OOB)
thresholds were flagged as potential areas of clinical or technical
concern.

The distributional properties of the 48 metrics were evaluated
to determine the appropriateness of z-score normalization. For
each metric, a frequency histogram was generated, and data were
assessed against a theoretical Gaussian distribution using Quan-
tile–Quantile (Q–Q) plots and the Kolmogorov–Smirnov (K–S)
goodness-of-fit test. Analyses were conducted independently on
two database subsamples (n = 94 and n = 191) to evaluate the
stability of distributional properties across sample sizes. Larger
database sizes yielded slightly wider reference bands without
substantially altering z-scores, corroborating prior findings [7].

The 60 Hz interference metric, which reflects line noise rather than
biological signal, was excluded from normality analyses. Most
metrics yielded K–S p-values above 0.90, supporting the assump-
tion of approximate Gaussianity consistent with Central Limit
Theorem expectations for population-level means. The stability of
metric means across the two sample sizes was further evaluated
using scatter plot regression and R² analysis, confirming that the
reference statistics were robust and internally consistent.

It is important to note that the resulting z-scores are not
normative in the traditional QEEG sense. They reflect devia-
tion from the mean of the clinical reference population—which
includes individuals with a wide range of neurological and
psychiatric presentations—rather than deviation from a healthy
control sample. This distinction is intentional and is consistent
with the Brain Panel’s purpose as a quality and pre-screening
tool rather than a diagnostic instrument. It deliberately employs
a clinical rather than normative reference database, aligning
with critiques of excluding individuals with disorders, such as
ASD, from normative comparisons [17]. The approach meets
several established standards for database construction (e.g.,
amplifier matching, signal integrity, population definition) but
omits strict acceptance/rejection criteria typical of normative
databases.

3.6. Automated report generation

The Brain Panel report was generated automatically for
each submitted EEG without any human intervention, using the
following sequential steps:

1) Upload of EEG recording in EDF format to the Brain Panel
processing system.

2) Application of ICA for ocular artifact identification and
removal.

3) Reconstruction of the cleaned EEG signal from retained ICA
components.

4) Division of the cleaned signal into 10-s epochs; discard of any
final partial epoch.

5) FFT computation for each epoch and channel across the 0–70
Hz frequency range (0.1 Hz resolution).

6) Computation of all 48 investigator-defined metrics for each
recording.

7) Z-score computation relative to the current reference database
statistics.

8) Identification of OOB metrics using predefined threshold rules.
9) Generation of a structured text report listing all OOB metrics

with brief standardized interpretive comments describing their
potential clinical or technical significance.

The report format was designed to emulate the structure
of a physician’s EEG quality review report, commenting on
background rhythm characteristics, signal quality, the possible
presence of artifacts, drowsiness, and clinical abnormalities. The
Brain Panel report is intended to be reviewed prior to any human
visual EEG inspection or QEEG analysis, functioning as a “pre-
Q” or “pre-pre-Q” pre-screening step that directs clinical attention
to the most informative recording features.

3.7. Comparative validation against neurologist
reports

To evaluate the clinical utility of the Brain Panel, a subset of
100 EEG recordings for which both a complete Brain Panel report
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and a corresponding quality review report from a board-certified
neurologist were available was assembled. The neurologist reports
were generated independently as part of the standard clinical
review service and were blind to the Brain Panel output.

3.7.1. Dataset construction
Brain Panel outputs for each of the 100 recordings were

manually transcribed into a structured spreadsheet. For each
recording, the total number of OOB metrics was recorded for
each of the seven metric categories. Simultaneously, the text of
the corresponding neurologist report was parsed and categorized
into the following clinical dimensions: (1) Background Rhythm,
(2) Drowsiness/Sleep, (3) Paroxysmal Disturbances, (4) Physician
Comments, and (5) Full Report Text. EEG quality was coded
from the physician’s report as good, fair, or poor. Artifact level
was coded as mild or moderate. Clinical abnormality was coded
as present or absent based on the physician’s narrative. The
resulting spreadsheet contained one row per recording, with all
Brain Panel metric counts and all neurologist report classifications
represented as columns.

3.7.2. AI-assisted discriminant analysis
The paired dataset was submitted to two independent AI

language model platforms—Grok v3 and Claude Sonnet 4—
for comparative evaluation. Each platform was queried using a
standardized series of natural-language prompts, as follows:

1) Confirmation that the dataset structure was understood and
that the two data sources (Brain Panel metrics and neurologist
comments) had been correctly interpreted.

2) Assessment of dataset validity (n = 100).
3) Evaluation of the overall helpfulness of the Brain Panel to the

neurologist.
4) Generation of a compare-and-contrast summary of the Brain

Panel findings versus the neurologist report content.
5) Suggestions for enhancement of the Brain Panel utility.

Following initial evaluation, each AI platform was queried
to identify the optimal linear combination of OOB metric counts
that best predicted each of the following clinically defined out-
comes: (1) clinical brain abnormality, (2) drowsiness, (3) artifact
level, (4) paroxysmal events, (5) PDR frequency abnormality, and
(6) overall EEG quality. For each outcome, the AI platform was
asked to find the weighted combination of OOB metric counts
that maximized predictive sensitivity, and to generate charts
showing the discriminant performance of both single-metric and
multi-metric approaches.

Sensitivity, specificity, and overall accuracy were computed
for each derived algorithm by comparing predicted outcome
classifications against neurologist-assigned ground-truth labels
across the 100-recording sample. Optimal weighting coefficients
were determined empirically by each AI platform based on
the observed data. The resulting combined metrics and their
performance statistics are reported and summarized in Section 4.

3.7.3. Database standards compliance
The Brain Panel database construction was evaluated against

established standards for QEEG database development [18].
The system satisfies requirements for amplifier specification and
matching, signal integrity verification, and population definition.
It does not meet criteria for normative database construction,
as strict clinical acceptance/rejection criteria and the exclusion
of individuals with neurological or psychiatric diagnoses were

deliberately omitted. This is consistent with the stated purpose
of the database as a clinical reference for quality screening rather
than a normative comparison.

4. Results

4.1. Statistical procedures

Statistical validation of the reference database confirmed the
suitability of Z-scores for the 48 Brain Panel metrics. Q–Q plots
and K–S goodness-of-fit tests performed on independent subsam-
ples (n = 94 and n = 191) demonstrated approximate Gaussianity
for the majority of biological metrics (most p > 0.90), consistent
with Central Limit Theorem expectations. Scatter-plot regression
analyses further confirmed high stability of population means
across database sizes (R² > 0.95). These analyses are summarized
in Figures 1, 2, and 3 (detailed plots and additional validation
figures are provided in Appendix B).

To evaluate clinical utility, the first 100 Brain Panel reports
were paired with corresponding board-certified neurologist qual-
ity assurance reports. Neurologist annotations were categorized
(EEG quality, artifacts, drowsiness, paroxysmal activity, and clin-
ical abnormalities) and aligned with Brain Panel OOB counts.
AI-assisted discriminant analysis (Grok v3 and Claude Sonnet 4)
was used to identify optimal weighted combinations of metrics
for each clinical target. The resulting algorithms achieved sensi-
tivities of 89–95%, specificities of 76–88%, and overall accuracies
of 78–91%. These findings are discussed in Appendix B.

We used the Kolmogorov–Smirnov Test, K–S Test, as the
metrics were all measured values, to demonstrate Gaussian nor-
mality as depicted in Figure 2. We generated histograms of the
p-values from each sample database to demonstrate that the null
hypothesis cannot be rejected, supporting the conclusion that
these samples conform to a Gaussian distribution.

Comparing the sample databases next to each other clearly
shows that all the biological metrics are reliable. The variability
tends to widen as the sample size gets larger, which is similar to
mentioning that the Z-scores widen as the sample size increases.
This was demonstrated by Collura and Tarrant when they showed
what individual means create static population means which are
similar to live population means, as shown in Figure 3 [4, 7]. Each
individual bell curve represents one person’s personal mean value.
When samples from multiple individuals are combined, the range
of mean values for the dynamic measurements in the population
becomes wider than the range observed for the static population
values (see Figure 3(a)). Figure 3(b) illustrates the same princi-
ple applied to two separate samples. As the sample size increases,
the mean value remains relatively stable, while the range of the
corresponding Z-scores progressively widens.

Next, we used a linear regression model and scatter plot trend
lines to show how well the sample databases trended together.
These correlations are illustrated in Appendix B, Figure B1,
which presents a series of scatter plots with trend lines and R²
values comparing metrics from two sample databases (n = 94
and n = 191). The panels progressively zoom in and filter out
non-biological metrics; removing specific outliers such as 60 Hz
and Raw STD strengthens the correlation between the samples.
These visualizations illustrate how removing non-biological out-
liers improves the trend alignment, suggesting potential for future
clinical insights as the database expands.

Our final preliminary analysis involved comparing and con-
verting the t-values to p-values. These results are presented in
Appendix B, Figure B2, which shows that most metrics exceed
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Figure 1
Q–Q plots of five Brain Panel metrics: (a) PDR Regulation. (b) PDR Symmetry. (c) Fast Alpha. (d) PDR Synchrony. (e) XS Temp.

Alpha

(a)

(b)

(c)

(d)

(e)
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Figure 2
Histograms of Kolmogorov–Smirnov goodness-of-fit p-values for Brain Panel metrics across subsamples: (a) n = 94 (46 metrics),

(b) n = 94 (45 metrics, 60 Hz omitted), (c) n = 191 (46 metrics), (d) n = 191 (45 metrics, 60 Hz omitted), and (e) n = 94 and n = 191
(45 metrics) shown side by side

(a)

(b)

(c)

(d)

(e)
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Figure 3
Sample size effects on population means and Z-score ranges for dynamic EEG metrics: (a) conceptual illustration of individual versus

population distributions and (b) comparison of small versus larger subsamples

(a) (b)

acceptable goodness-of-fit thresholds (p > 0.90), with 10 metrics
above 0.95 and only 10 falling below 0.85.

After running multiple statistics and satisfactorily establish-
ing a valid database that produces Z-scores, we can now define
the metrics of interest in the Brain Panel, as shown in Figure 4.
Figure 4(a) shows that the metrics in the Brain Panel consist of
two statistical measures and six categories of neurometrics. They
are listed and defined in Appendix A. Figure 4(b) shows a stan-
dard snapshot of the client’s EEG. We show a familiar FFT of all
the frequency bands. Here is where another new feature can be
seen. The 0.1 Hz high resolution of the FFT allows us to more

accurately point out changes in the frequency bands, especially
with the Alpha 1 and Alpha 2 bands and the PDR. This will
allow clinicians to more accurately track changes for the client
when symptoms improve. We can measure the amount of 60 Hz
interference that potentially could be corrupting the EEG. Any
metric found to be OOB comes with a brief definition of its poten-
tial clinical or technical impact on the individual, as illustrated in
Appendix B, Figure B3.

To further validate the Brain Panel, we created a dataset
of n = 100 Brain Panel reports, paired with the correspond-
ing neurologist reports, comparing the metrics the Brain Panel

Figure 4
Typical Brain Panel report and high-resolution FFT: (a) automated report showing out-of-bounds (OOB) metrics with interpretive

comments and (b) high-resolution (0.1 Hz) FFT snapshot of the client’s EEG

(a) (b)
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highlighted as being deviant to the doctors’ comments on the
same EEG.

After the statistical analyses were completed, we evaluated
the practical utility of the Brain Panel outputs by sampling de-
identified cases and their accompanying quality assurance reviews
done by a neurologist. To assess the value of these outputs,
we posed the five questions shown below to Grok and Claude

regarding the same dataset. The results are shown in Tables 1, 2,
and 3. The optimal weighted combinations of the Brain Panel
OOB metrics achieved sensitivities of 89–95%, specificities of
76–88%, and overall accuracies of 78–91% (see Table 4).

1) If I upload an Excel file with two sets of data and explain them
to you, can you compare the datasets and make conclusions
please?

Table 1
Comparison of responses of GROK to CLAUDE when posed the question: Is the Brain Panel useful?

GROK CLAUDE

Dataset Validity The dataset appears to consist of approximately
100 entries (rows 4–103 in the provided sheet, yielding ~99
patient records after accounting for headers in rows 1–3). It is
a compilation of EEG analysis data for various patients, com-
paring automated “Brain Panel” (BP) metrics and comments
against manual neurologist (DR) reviews.

Dataset Validity:☑ VALID – n = 100 with complete
paired observations

Is the Brain Panel Helpful to the Neurologist? Overall, yes, the
Brain Panel is moderately helpful as a screening tool to flag
potential issues, reduce review time, and quantify EEG features.

Brain Panel Usefulness:
MODERATELY HELPFUL - Good screening tool

but needs refinement.

Table 2
GROK compare-and-contrast chart

Aspect Brain Panel (BP) Neurologist (DR) comments Similarities Differences

Approach Quantitative and automated:
“Counts ‘out-of-bounds’
metrics across categories
(e.g., PDR: 9 total, Focal:
12). Generates rule-based
interpretive comments

Qualitative and clinical:
“Descriptive assessments
(e.g., ‘Fair quality, moder-
ate artifacts’) with context
like clinical correlation

Both identify EEG
issues like drowsi-
ness artifacts and
use categories
(e.g., background
rhythm, paroxysmal
events)

BP is metric-driven
and speculative
(“may be a con-
cern”); DR is
holistic, integrat-
ing visuals/history
and definitive (“no
abnormalities”)

Content
focus

Metrics on deviation (e.g.,
amplitude, asymmetry,
moments) and poten-
tial implications (e.g.,
“high value may indicate
drowsiness”). Repetitive
phrases like “may suggest
hyper-relaxation”

Observational details (e.g.,
9.0 Hz PDR, drowsiness
by Slow Rolling Eye Move-
ments (SREMs)) and
recommendations (e.g.,
“clinical correlation war-
ranted”). Includes full text
with spectral analysis

Overlap on key EEG
elements (PDR,
delta/theta slow-
ing, state shifts)
~50% alignment
on abnormality
detection

BP quantifies
(e.g., “23 out of
bounds”); DR
qualifies (e.g.,
“mild artifacts”).
BP lacks visuals;
DR references
images/pages

Strengths Objective, fast, scalable for
large datasets. Flags subtle
quantitative shifts (e.g.,
Moment 3 for instability)

Expert interpretation,
context-aware (e.g., age-
appropriate PDR). Detects
nuances like “left>right
temporal slowing.”

Both aid in triage; BP
flags for DR review;
DR confirms

BP consistent but
generic; DR
variable but
insightful

Weaknesses Overcautious/vague (e.g.,
many “may be” qualifiers).
Misses context (e.g., no age
adjustment). Higher false
positives

Subjective, time-intensive.
Potential interrater vari-
ability (all by P. David Ims
here)

Both can miss sleep
dysregulation if not
flagged explicitly

BP doesn’t recom-
mend actions; DR
does (e.g., “further
evaluation”)

Use cases Screening tool for initial
analysis in high-volume
settings

Final clinical review,
diagnosis support

Complementary
in workflow: BP
pre-screens; DR
validates

BP for research/stats;
DR for patient care

Examples
from data

Row 101: 23 flags; comments
on diffuse delta/theta as
concerns (matches DR’s
low PDR/slowing). Row 8:
0 flags (mismatches DR’s
drowsiness)

Row 4: “Drowsiness demon-
strated, no abnormalities”
(aligns with BP state
shifts). Row 103: “No
abnormalities” despite BP’s
26 flags

High BP totals often
correlate with DR
artifact drowsiness
notes (e.g., rows
4,10)

BP speculates (e.g.,
“TBI, toxicity”);
DR factual (e.g.,
“intermittent
slowing”)
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Table 3
CLAUDE compare-and-contrast chart

Aspect Brain Panel Neurologist assessment Agreement level

Method Quantitative algorithms Qualitative expert interpretation N/A

Objectivity Highly objective, reproducible Subjective, variable between reviewers Low–Medium

Speed Instant automated analysis Time-intensive manual review High

Coverage Systematic 48 metrics across
domains

Focused on clinically relevant findings Medium

Clinical context Limited contextual awareness Rich clinical interpretation Low

Artifact detection Algorithmic pattern recognition Expert visual identification Medium–High

Abnormality detection Rule-based threshold exceedance Pattern recognition + experience Medium

2) Columns C–K are metrics in the Brain Panel; comments L–S
are comments made by a neurologist. They are looking at a
person’s EEG. Is this dataset of 100 n valid?

3) Is the Brain Panel helpful to the neurologist?
4) Can you make suggestions to enhance the usefulness of the

Brain Panel?
5) Can you make a compare-and-contrast chart of the Brain

Panel and neurologist comments?

Table 1 summarizes the comparative responses of Grok and
Claude to the two essential questions of the analysis: Is the
data valid, and is the Brain Panel helpful? Both platforms inde-
pendently concluded that the dataset was valid and the Brain
Panel is moderately helpful to neurologists, a good screening tool
requiring some refinement.

Table 2 presents Grok’s version of a compare-and-contrast
chart between the Brain Panel and the doctor’s comments.
An interesting observation is that Grok provided a data-driven
analysis from the actual values of the 100-sample spreadsheet,
yielding clinically specific observations regarding EEG patterns,
agreement rates, and potential improvements for the Brain Panel.

Table 3 displays Claude’s version of the compare-and-
contrast chart. Claude’s response remained largely generalized
without direct quantitative analysis with the metrics contained in
the dataset.

An interesting observation is that Grok considers and eval-
uates actual data from the dataset spreadsheet from the 100
samples. Therefore, Grok’s comments are specific to this system,
the clinical aspects, and the results it achieves, while Claude made
a superficial comparison of the dataset format and did not com-
pare real data directly. Claude’s comments would be relevant to
any system of this general type.

4.2. Claude’s Brain Panel effectiveness analysis

We asked Claude for an effectiveness analysis comparing
OOB metrics to doctor-identified issues. Claude concluded there
was a strong correlation in the ability of the Brain Panel to pre-
dict EEG quality and the presence of artifacts. Claude was able to
construct the paired analyses and produce reports of the average
values of the number of OOB metrics divided by EEG qual-
ity and by artifact level as reported in the clinical report. We
present the output from Claude exactly as formatted by the AI
agent, without modification. Claude’s analysis showed a moder-
ate, clear relationship between the total number of OOB metrics
and lower EEG quality or higher artifact levels, as illustrated in
Appendix B, Figure B4.

Claude’s analysis showed no strong correlation between the
total number of OOB metrics and the presence of clinical abnor-
malities, as illustrated in Appendix B, Figure B5. Overall, the Brain
Panel metrics are not sensitive to EEG abnormalities specifically.
Therefore, we undertook to explore how the metrics could be used
to correlate with clinical findings, using a discriminant approach.

When asked to create a weighted score that optimally pre-
dicted clinical abnormality, Claude produced a score consisting
of PDR × 3 + Focal × 2 + Diffuse × 2 + State Shift. This
metric was found to be 89% sensitive in finding clinical abnormal-
ities, as illustrated in Appendix B, Figure B6. Figure B7 further
shows the key insights and clinical implementation for this new
combined metric. It provides “excellent risk stratification” and a
“neurophysiologically informed” measure, with a clinical imple-
mentation strategy ranging from very low risk (score 0–2) to high
risk (score 8 or greater), thereby reducing unnecessary neurologist
reviews while maintaining high sensitivity.

We further asked Claude to evaluate and create optimal
detection methods for drowsiness, artifacts, paroxysmal events,
and PDR frequency abnormalities. These results are presented in
Appendix B, Figures B8–B13. The state shift metric serves as an
objective drowsiness indicator (Figure B8). An optimal drowsi-
ness detection algorithm was developed using the combination
State Shift × 3 + PDR × 2 + Diffuse, achieving 93% sensitivity
(Figure B9). Similarly, optimal algorithms were created for arti-
fact detection (Figure B10), paroxysmal events (Figure B11),
and PDR frequency assessment (Figures B12 and B13), each
demonstrating strong clinical correlation and high sensitivity.

Finally, in order to develop a comprehensive quality index,
we asked Claude to identify the optimal combination of OOB
metrics that best correlates with overall EEG quality. The resulting
equation (STD/Global × 4 + Diffuse × 2 + Total) demonstrated
a strong correlation with neurologist quality ratings, as illustrated
in Appendix B, Figure B14. Figure B15 further summarizes the
quantitative performance of the six different optimized metrics
created by Claude, showing significant improvement in the EEG
quality index when combining Brain Panel metrics in this specific
way.

Table 4 summarizes the findings that these new combined
metrics have sensitivity in the range of 89–95% for the clinical
findings and an overall accuracy of 78–91%. Therefore, by using
AI to discern and define new combinations of metrics, the accu-
racy of the clinical correlation is significantly enhanced. Here,
the Brain Panel’s fixed metrics remained unchanged; the opti-
mization was performed externally by the AI platforms, which
identified weighted combinations of the existing metrics rather
than modifying the Brain Panel itself.
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Our findings confirm that the groups of metrics that were
created do in fact reflect different clinically relevant aspects of
the EEG. The PDR metrics, for example, reflect internal self-
regulation, whereas the focal/diffuse metrics are found to be more
indicative of neuropathy. The moment analysis is demonstrated
to reflect changes that occur in time across the recording session,
reflecting instability or drowsiness. Other combinations of met-
rics reflect the likelihood that the EEG will be considered to have
excessive artifacts or that the EEG will be deemed abnormal by
the clinical inspection. The comments produced by the Claude
analysis further support these conclusions, as they include specific
statements confirming the physiological and clinical relevance of
particular metrics. We have thus used the AI tools to teach us
how to read a Brain Panel, further enhancing the value of this
method. The AI tool has in effect become an expert at read-
ing Brain Panels and, by comparing them with doctors’ reports,
has learned how to use the Brain Panel to anticipate what the
physician may find.

In summary, the Brain Panel metrics, when used in optimal
combinations, provide a sensitive and accurate measure of the
likelihood of correlation with clinical findings. The application of
AI to the results has made it possible to optimize the use of the
predefined metrics to produce a clinically useful result.

5. Discussion

To contextualize the Brain Panel’s performance, Table 5
presents a comparative analysis of its metrics against state-
of-the-art machine learning and deep learning benchmarks for
analogous EEG pre-screening tasks, including artifact detection,
drowsiness identification, IED, and clinical abnormality classi-
fication [19–25]. Notably, the Brain Panel achieves sensitivities
of 89–95%, specificities of 76–88%, and accuracies of 78–91%
across multiple clinically relevant domains simultaneously, lever-
aging a transparent, rule-based supervised ML framework with
post hoc AI optimization on an inclusive real-world database (n
= 191, no exclusions). This outperforms or matches specialized
systems like SCORE-AI (88.3% accuracy for automated EEG
interpretation [24]) and deep neural network-based IED detectors
(82.5% sensitivity at 99% specificity [23]), while offering superior
interpretability and applicability to diverse clinical submissions,
thereby enhancing neurologist productivity without supplanting
expert judgment.

This performance compares favorably with state-of-the-art
EEG-AI systems while offering distinct advantages in trans-
parency and clinical workflow integration. Unlike many deep
learning models that lack interpretability and rely on extensive
artifact rejection or curated datasets [26, 27], the Brain Panel uses
predefined, neurophysiologically motivated metrics that align with
calls for interpretable ML in clinical neurophysiology [9, 28]. The
system therefore serves as a practical “pre-Q” tool that enhances,
rather than replaces, expert visual inspection.

We have demonstrated that the metrics provide valid and
reliable indicators of key EEG parameters related to quality, arti-
facts, and brain disorders. We found that by applying an AI
analysis to 100 of our clinical cases, we were able to produce
optimal detection algorithms. These algorithms demonstrably
correlated well with clinical findings, thus providing a clinically
relevant and useful set of estimates that serve to pre-inform a
visual EEG analysis. It is of interest to explore how the metrics
appeared in the optimal detection algorithms and what their likely
neurophysiological significance is.
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Table 5
Comparative analysis of key metrics between the Brain Panel and other state-of-the-art EEG-AI systems

Study/system Primary task(s)
Method/ap-

proach
Sensitivity

(%)
Specificity

(%)
Accuracy

(%)/other Key notes and dataset

Marchant et al. 2024 Artifact
detection
(single-channel
epochs)

Random Forest
(supervised
ML)

65 (test set) 98 81
(balanced)

Infant EEG; high speci-
ficity typical of artifact
tasks; n = 70 held-out
epochs

van Stigt, M. N.,
Groenendijk, E. A.,
Marquering, H. A.,
Coutinho, J. M., &
Potters. 2023

Clean vs artifact
classifica-
tion (dry
electrodes)

Convolutional
Neural Net-
work (CNN)
with transfer
learning and
majority vote

91.2 (recall) 90.3 90.7 Dry-electrode data;
directly comparable
ICA-style prepro-
cessing; 2-second
segments

Hasan et al. 2022 Drowsiness
detection

Random Forest
(explainable
ML)

70.3 82.2 80.1 Leave-one-participant-
out validation;
multimodal
(EEG + EOG +
ECG); addresses
inter-individual
variability

Minhas et al. 2025 Drowsiness
detection

Optimized spec-
tral features +
threshold

NA NA 95.4 Single optimal channel
(F4/O2); PSD alpha/-
theta pairing; high
accuracy with minimal
channels

Tjepkema-Cloostermans
et al. (DNN) 2025

Interictal
epileptiform
discharge
(IED)
detection

Deep neural
network

82.5 99 - (False
Discov-
ery Rate
(FDR)
<0.2/min)

Individual IED level;
outperforms Persyst
(64.6% sens); EEG-
level matches expert
consensus; internal +
external validation

Pooled IED models
(meta-analysis) 2024

IED classifica-
tion (IED vs
non-IED)

Various DL/ML
(external
validation)

78.1–84.9 68.7–80.1 - (Area
Under
Curve
(AUC) ≈
0.85)

Real-world external
datasets (>50 patients);
high variability noted

Tveit et al. (SCORE-AI)
2023

Automated clin-
ical EEG
interpretation
(normal/ab-
normal +
epileptiform
categorization)

Deep CNN 86.7 (epilep-
tiform)

90 88.3 Closest benchmark
(n>30k training
EEGs); human-expert-
level performance
on routine clinical
recordings

Lemoine et al.
(DeepEpilepsy) 2025

Epilepsy detec-
tion on routine
EEG

Vision Trans-
former
(DL)

65–73 NA Improved
diagnostic
yield

Focus on subtle abnor-
malities beyond visible
IEDs; AUC 0.76–0.83
when combined

Brain Panel (this study)
2026

Quality,
artifacts,
drowsiness,
paroxysmal
events, abnor-
malities, PDR
frequency

Predefined
metrics + AI-
optimized
combinations

89–95 76–88 78–91 Inclusive real-world
database (n = 191, no
exclusions); fully inter-
pretable, rule-based
supervised ML + post
hoc AI optimization

STD/Global is the simplest metric, quantifying the total
amplitude of the ICA-cleaned EEG and the original EEG sub-
mitted. It reflects how much artifact was detected by the ICA.
Therefore, this optimal metric validates the concept that the
ICA process effectively finds primary issues that relate to EEG
quality and discriminates them. In conjunction with the diffuse

amplitudes and the total number of OOB metrics, the STD/-
Global metric delivers a dependable automated assessment of the
EEG recording quality ahead of visual inspection. Interestingly,
the proportion of poor recordings, 9%, is consistent with our
existing analyses (as reported to the FDA and for ISO auditing
purposes), which show that this is the expected number of poor
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recordings in a typical clinical setting, so this analysis validates
previous clinical findings.

The PDR metrics, many of which are unique to this sys-
tem, are designed to capture the features of the PDR that are
identified when doing a visual inspection of the EEG. The
amplitude, symmetry, sinusoidal shape, and other attributes are
captured in metrics that go out of bounds whenever any of these
visually based features are at an extreme value, signifying an
unusual PDR. This is validated by the finding that the optimal
detection algorithms for brain disorders emphasize PDR abnor-
malities. We introduce a new metric called “regulation,” which is
based on entropy. Entropy is defined by the amount of disorder
in a system and, for the purposes of the Brain Panel, the measure
of momentary energy variation in activity during the session. We
adopt the standard metric of entropy as an indicator of the qual-
ity of regulation. By this measure, a rhythm that is very steady, or
rigidly rhythmic, will have low entropy, reflecting poor regulation.
EEG entropy has also been associated with conscious awareness,
consistent with the concept that the regulation of the posterior
alpha, in conjunction with the default mode network, mediates
ongoing awareness of internal states [29].

The classical metrics of diffuse and focal amplitudes reflect
some of the most commonly used aspects of visual inspection,
that is, how large the EEG is overall and how large it is in particu-
lar locations. These metrics are included in the optimal detection
algorithms, reflecting their relevance. Diffuse deviations reflect
generalized brain neuropathy, while focal deviation reflects local
dysregulations consistent with head trauma or related localized
brain injury or dysfunction.

The gamma bandwidth is getting more attention lately, and
we include two specific metrics in our Brain Panel addressing
the gamma band: frontal gamma and frontal gamma asymmetry.
These metrics may be of more clinical use in the future as demon-
strated by research on EEG microstates in relation to emotional
decision-making. Frontal gamma asymmetry data acquired in real
time using sLORETA in BrainAvatar are shown in Appendix B,
Figure B16. The Brain Panel provides an indicator of the subject’s
baseline frontal gamma asymmetry using surface EEG, which
has been shown to relate to emotional responses and decision-
making tendencies to approach or avoidance responses, including
extremes of either positive or negative mood or judgment.

Another metric applied in the Brain Panel is fractal dimen-
sion: The fractal dimension is a calculation that quantifies the
complexity of the energy during the session. Fractal dimen-
sion has also been associated with computational complexity as
reflected in the EEG; hence, it is of interest in relation to cognitive
function [30].

The Brain Panel introduces new metrics to describe the time
course of the EEG, referred to as “moments” or state shifts.
These metrics, adapted from mechanical engineering principles,
provide a novel and structured approach for clinicians to detect
temporal changes during the recording session. As illustrated in
Appendix B, Figure B17, Moment 1 represents the total energy
of the signal across the session, Moment 2 indicates the tem-
poral center of gravity (where energy is concentrated in time),
and Moment 3 reflects the amount of state change or variability,
which is particularly sensitive to drowsiness and other transitions
in brain state. The optimal detection algorithms make strong use
of these state shift indicators, especially for identifying drowsiness.

While we have noticed certain metrics have not trended com-
pletely to statistical standards, we believe some of them can be
explained by differing acquisition techniques, differing office set-
tings, and we also acknowledge our participants may not and

probably do not fit the description of being normal/typical. It is
our hope that the newly published Technical Requirements for
Performing Clinical QEEG will help alleviate some of these issues
[4]. We hope that this paper will promote a more robust dialogue
between the clinical and the AI worlds involving the use of EEG.
We also believe that as QEEG acquisition becomes more standard
across the field, it can only help make the Brain Panel a more
robust clinical assessment tool in the field of neuroscience.

6. Conclusion

The Brain Panel system provides automated screening of
EEGs, but it is not AI. With AI, a computer learns to recog-
nize patterns based on presented information and creates its own
rules. We often do not know or understand the rules the computer
has created. We take a different approach. We tell the computer
what is important, and it learns what is typical by looking at a
population. While this provides a Z-score, these are not “norma-
tive” Z-scores, in that many of them reflect a metric that is not
overtly indicative of brain state or health. Rather, we use metrics
motivated by what a human does when inspecting an EEG to
determine its quality. This method is guided by an experienced sci-
entist who defines the analysis used. This method is not a QEEG
although it uses Z-scores to quantify EEG properties. Z-scores
are utilized to show extreme values of well-defined metrics but are
not specifically diagnostic of particular clinical conditions.

As a form of quality control and as an assist to a clinical
neurophysiologist, this system provides a level of automation that
eases the burden when reading EEGs on a routine basis. This
is a tool that provides an aid to visual inspection but does not
replace any of the human tasks required for sound EEG analy-
sis or preparation for further processing. In addition to metrics
reflecting relative amplitudes and distributions of key metrics, the
report analyzes “moments” that reflect the total size of a compo-
nent amplitude, as well as its distribution within and across the
recording session. Moment analysis replaces the “front and back”
inspection often used when reading EEGs. Extreme moments tend
to reflect drowsiness and other changes across a recording, show-
ing changes across time. These are similar but not identical to
reliability measures such as split-half and test–retest reliability.
The system also adopts the idea of using entropy as an assessment
neurometric reflecting overall EEG complexity.

The Brain Panel metrics constitute a good candidate for the
input to a neural network or other self-learning systems. By pars-
ing the EEG into meaningful metrics, a learning system is relieved
of the burden of trying to figure out what O1 and O2 are sup-
posed to look like, what a PDR is, and why focal differences
matter. Our approach first “uploads” to the computer an indi-
cation for the types of things an experienced neurologist looks
for and then asks the computer to compile hundreds of results to
see how they compare. The resulting analysis is comprehensible,
since all calculations and processes are defined beforehand and
do not change. However, a learning system may learn to make
more sense of the Brain Panel than we can in the long run by
inspecting hundreds or thousands of Brain Panels, along with the
EEG recordings. The physician’s report can also be included in
this approach, so that the system confirms its relationship with
clinical findings, compared with the machine results.

Further investigation needs to be done to determine pos-
sible improvements and modifications to the metrics and to
help understand why certain metrics may be more variable than
others. This variability may be understandable though, consid-
ering the inclusiveness of the database, which currently has no
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exclusion criteria and no pre-artifacting. Clinical correlation stud-
ies are also planned to map the relationship between Brain
Panel findings and the results of human analysis. And, with
the introduction of new practice guidelines for QEEG acquisi-
tion [4], we believe the Brain Panel will become an even more
refined tool and lead the way toward a more systematic eval-
uation of EEG, with machine assistance applied to enhance
human activity. It may help reduce the potential for EEG mis-
interpretation, improve interrater agreement to optimize routine
interpretation, and increase efficiency much like the SCORE-AI
model (Standardized Computer-based Organized Reporting of
EEG) [24].

Lastly, this study successfully developed and validated a
useful panel to assist the neurologist with EEG analysis using
supervised ML algorithms and clinical data from 191 clients and
evaluated using 100 recordings and corresponding clinical reports.
The Brain Panel was found to be useful to the neurologist and
clinician by two different AI platforms. This pre-screening panel
will support physicians in the EEG review process by having the
panel be immediately available to highlight key metrics they will
want to pay extra attention to, thus enabling a more accurate
review process for better individualized treatment strategies.

7. Future Works

The Brain Panel’s supervised ML framework lays a robust
foundation for EEG pre-screening, but several avenues warrant
further exploration to enhance its utility and impact. First, refin-
ing the 48 metrics, particularly those exhibiting variability due
to acquisition differences, is critical. Ongoing standardization
efforts, such as those outlined in Collura’s work [4], should
be leveraged to minimize inconsistencies across clinical settings,
potentially through automated calibration protocols or advanced
signal processing techniques. Second, clinical correlation studies
are needed to map Brain Panel metrics to specific neurologi-
cal and psychological outcomes, building on preliminary findings
[7]. Such studies could validate the system’s ability to detect
subtle dysregulations, enhancing its role as a clinical decision-
support tool. Third, the Brain Panel’s metrics show promise as
inputs for neural networks or hybrid ML–AI systems. Fourth, the
Brain Panel’s metrics have the potential to derive brain-specific
biomarkers and guide future innovation to isolate relevant brain
activity [31].

It should be possible to improve the performance of the sys-
tem by providing more detailed information to the AI analysis
routines, for example, the exact direction of deviations (above
bounds or below bounds) and which metrics are specifically
deviant, instead of simply counting deviations per metric type.
The analysis could also include diagnoses, symptoms, or medica-
tion information from the clients’ intake forms. These would help
the system have greater discrimination, as well as deeper clini-
cal relevance. Given the performance achievable with the current
simple approach, further refinement should produce accurate out-
comes well into the 90 percent range, without any changes to the
Brain Panel itself.

Future work could focus on several key elements to enhance
the system’s performance and clinical utility. First, integrating
the Brain Panel with deep learning frameworks could enable cor-
relation of its metrics with EEG signals and physician reports,
potentially improving diagnostic accuracy while preserving inter-
pretability. Similarly, incorporating elements of the SCORE EEG
standard [32] could increase the panel’s practical value and
promote higher-quality clinical EEG reporting overall.

To address current limitations in normative databases,
expanding the reference database with larger and more diverse
clinical EEG datasets would improve statistical robustness and
generalizability. Additionally, direct benchmarking against pub-
lic datasets such as EEGdenoiseNet, which provides paired clean
and noisy recordings for standardized artifact removal evaluation
[33], would facilitate objective performance comparisons.

Using the Brain Panel metrics as input features in hybrid
deep learning architectures, building on recent high-performing
models for clinical EEG classification [10, 34], could further boost
detection accuracy without sacrificing interpretability. Larger
multicenter validation studies conducted in line with established
reporting guidelines for supervised ML prediction models would
also strengthen external validity and generalizability [28].

Finally, developing user-friendly visualization tools to present
complex metrics, such as moments and fractal dimensions,
could facilitate adoption by neurophysiologists, bridging the gap
between automated analysis and human expertise. These advance-
ments position the Brain Panel as a scalable, transparent tool for
next-generation EEG analysis.
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Appendix A

Brain Panel
The Brain Panel is an innovative machine learning tool (MLT), designed to pre-screen EEG recordings prior to human visual

inspection or QEEG analysis, enhancing the efficiency of clinical EEG screening services by highlighting areas of dysregulation. The
database was established from data submitted by clinicians. The only inclusion criterion is that the EDF needs to be greater than or
equal to 60 seconds in length. There are no exclusion criteria. The MLT applies predefined rules to process surface amplitudes after
ICA is used for ocular artifact removal. The process then performs FFT on 10-second epochs across 0–70 Hz frequencies, creating a
high-resolution output of 0.1 Hz. The system computes investigator-defined metrics, categorized into statistical measures, and derives
z-scores relative to population statistics from the clinical database. This generates an automated report, the Brain Panel, formatted to
mimic a physician’s quality review, flagging potential technical issues, artifacts, drowsiness, or brain abnormalities with sensitivities of
89–95% for clinically relevant findings, thereby serving as a “pre-Q” spotlight to guide subsequent expert review and bridge automated
quantitative insights with neurological interpretation.

Metric Definitions

Category Metric name Description

Statistical Measures RAW STD “Power in the raw signal.” Indication of how much of the raw power of
the EEG of the individual deviates from the sample mean.

Statistical Measures Global STD “Power in the filtered signal.” Indication of how much of the filtered
power of the EEG of the individual deviates from the sample mean.

PDR Symmetry The left and right balance of brain activity at O1 and O2.

PDR Synchrony How synchronous are they at O1 and O2?

PDR Regulation Measure of entropy. Momentary variations in activity.

PDR Magnitude The average absolute power of the PDR.

PDR Sinusoidal How sinusoidal is the waveform, spectral purity?

PDR Max Post. Front/back balance brain activity, is the PDR in the back?

PDR FFT Width What is the range of the Alpha PDR, is it narrow or wideband?

PDR Max. Amplitude Instantaneous size of brain activity.

PDR Burst Width Duration of alpha bursts. A conventional burst metric

Phenotypes Beta Max Front Front/back balance of active brain activity.

Phenotypes Frontal Asymmetry Ratio of left to right activity.

Phenotypes XS Temporal Alpha Relative alpha at T3, T4, T5, and T6.

Phenotypes Alpha Speed Ratio of Alpha 2 (high-alpha) to Alpha 1 (low-alpha) power

Phenotypes Alpha Peak Peak PDR frequency (Location of peak PDR Energy).

Phenotypes Midline Beta Beta at Fz, Cz, and Pz.

Focal Focal Delta Index Metric to determine how focal the highest value is.

Focal Focal Delta Amplitude Reflects localized dysfunction depending on frequency band.

Focal Focal Theta Index Metric to determine how focal the highest value is.

Focal Focal Theta Amplitude Reflects localized dysfunction depending on frequency band.

Focal Focal Beta Index Metric to determine how focal the highest value is.

Focal Focal Beta Amplitude Reflects localized dysfunction depending on frequency band.

Focal Focal HiBeta Index Metric to determine how focal the highest value is.

Focal Focal HiBeta Amplitude Reflects localized dysfunction depending on frequency band.

Frontal Frontal Delta Measured at Fp1, Fp2, F3, F4, F7, and F8 sites.

Frontal Frontal Theta Measured at Fp1, Fp2, F3, F4, F7, and F8 sites.

Frontal Frontal Gamma Measured at Fp1, Fp2, F3, F4, F7, and F8 sites.

Frontal Frontal Gamma Asymmetry
Index

Left–right balance of frontal gamma power across homologous sites

(Continued)
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(Continued)
Category Metric name Description

Diffuse Diffuse Delta Sum of the magnitudes of all the channels.

Diffuse Diffuse Theta Sum of the magnitudes of all the channels.

Diffuse Diffuse Beta Sum of the magnitudes of all the channels.

Diffuse Diffuse HiBeta Sum of the magnitudes of all the channels.

Diffuse Diffuse Gamma Sum of the magnitudes of all the channels.

Diffuse Diffuse 60Hz Quality of signal, not biological.

Diffuse Diffuse Fractal Dimension Measure of the complexity of the brain activity.

State Shifts PDR Moment 1 Total amount of activity across the session.

State Shifts PDR Moment 2 Time course of activity. Location of the “center” across time.

State Shifts PDR Moment 3 How much of a shift occurs across the session, “Variability/Variation”

State Shifts Delta Moment 1 Total amount of activity across the session.

State Shifts Delta Moment 2 Time course of activity. Location of the “center” across time.

State Shifts Delta Moment 3 How much of a shift occurs across the session, “Variability/Variation”

State Shifts Theta Moment 1 Total amount of activity across the session.

State Shifts Theta Moment 2 Time course of activity. Location of the “center” across time.

State Shifts Theta Moment 3 How much of a shift occurs across the session, “Variability/Variation”

State Shifts Beta Moment 1 Total amount of activity across the session.

State Shifts Beta Moment 2 Time course of activity. Location of the “center” across time.

State Shifts Beta Moment 3 How much of a shift occurs across the session, “Variability/Variation”

Appendix B

This appendix provides supplementary statistical visualizations and validation materials supporting the main text analyses. It
includes additional goodness-of-fit assessments, correlation plots, and detailed outputs from the AI-assisted discriminant analysis
performed on the 100 paired Brain Panel and neurologist reports.

Figures B4 through B15 were generated by Claude Sonnet 4 during the validation process to illustrate the relationships between
Brain Panel out-of-bounds metrics and clinical findings, as well as the optimal weighted metric combinations for predicting clinical
abnormality, drowsiness, artifacts, paroxysmal events, PDR frequency abnormalities, and overall EEG quality. These AI-generated
figures were produced using standardized prompts and are presented here exactly as output by the model to demonstrate the discriminant
performance achieved (sensitivities 89–95%). All other figures in the appendix are direct outputs from the Brain Panel processing
pipeline or statistical software.
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Appendix Figure B1
Scatter-plot regression analyses comparing Brain Panel metrics between n = 94 and n = 191 subsamples. Panels show progressive

filtering: (a) all metrics, (b) biological metrics only, and (c) after removal of non-biological outliers (60 Hz and Raw STD)

(a)

(b)

(c)

(d)

(e)

(f)

(g)
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Appendix Figure B2
Conversion of t-values to p-values for goodness-of-fit across Brain Panel metrics. Most metrics exceed p > 0.90

Appendix Figure B3
Example of OOB metric flags with interpretive comments from a typical Brain Panel report

Appendix Figure B4
Brain Panel out-of-bounds metrics versus neurologist-assessed EEG quality and artifact level
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Appendix Figure B5
Brain Panel metrics by clinical abnormalities showing weak correlation

Appendix Figure B6
Development of optimal brain abnormality analysis using weighted scores
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Appendix Figure B7
Findings for optimal abnormality detection algorithm

Appendix Figure B8
Evaluation of state shift metrics for drowsiness detection
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Appendix Figure B9
Findings for optimal drowsiness detection method

Appendix Figure B10
Optimal artifact detection algorithm
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Appendix Figure B11
Optimal paroxysmal event detection algorithm

Appendix Figure B12
Optimal weighted metric combinations for predicting clinical abnormality, drowsiness, artifacts, paroxysmal events, PDR frequency

abnormalities, and overall EEG quality (sensitivities 89–95%)
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Appendix Figure B13
Performance of optimal PDR frequency assessment method

Appendix Figure B14
Optimal EEG quality assessment algorithm
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Appendix Figure B15
EEG quality prediction methods

Appendix Figure B16
Frontal gamma asymmetry data acquired in real time using sLORETA in BrainAvatar. The Brain Panel provides a baseline frontal

gamma asymmetry metric as an indicator of approach–avoidance tendencies and emotional decision-making

Pdf_Fol io:2626



Artificial Intelligence and Applications Vol. 00 Iss. 00 2026

Appendix Figure B17
Visualization of “moments” (state shifts) in the Brain Panel. (a) Moment 1 represents the total energy of the signal across the session,
(b) Moment 2 shows the center of gravity (temporal concentration of energy), and (c) Moment 3 reflects state change or variability,

sensitive to drowsiness and other transitions

(a)

(b)

(c)
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