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Electroencephalography (EEG) is widely used to classify eye states, and alpha-band activity (8-13 Hz) has traditionally been
regarded as the dominant predictor because it peaks when the eyes are closed. However, it remains unclear whether alpha activity
alone is sufficient, or whether information relevant to eye-state classification is distributed across the broader EEG spectrum.
This study investigates whether alpha-band activity is the sole critical predictor of EEG-based eye state classification under both
Random Split and Time Aware Split conditions. Causal band filtering was applied to the UCI EEG Eye State dataset to produce
band-isolated and band-suppressed feature sets across the Alpha, Beta, and Theta frequency bands, and an XGBClassifier was
evaluated under both splits, with permutation and ablation tests used to assess statistical significance across frequency band
conditions and different splits. All experimental conditions performed below the mean majority-class baseline and statistical
testing indicated non-significance in sufficiency and necessity (all p > 0.156, all 95% ClIs include 0). While Random splitting
seemed to result in noticeably inflated performance, exemplified by 3 conditions which outperformed the mean majority-class
baseline, statistical testing via unpaired permutation test showed otherwise (all p > 0.468). These findings suggest that no single
frequency band serves as the sole predictor of eye-state and a non-significant difference between training protocols during EEG

eye state classification.
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Introduction

Electroencephalography (EEG) is a non-invasive method used
to measure electrical activity in the brain with high temporal
resolution. As a portable process and as a sensor that’s sensi-
tive to rapid neural changes, it is commonly used for studies
on brain states and neural dynamics performed under cogni-
tive thinking, sleep, or eye state 12,

The Berger effect is characterized by a noticeable increase
in alpha band power (8—13 Hz) upon eye closure>-°. This con-
nection has made alpha-band activity a prime focus in EEG-
based eye state classification”-8 and is also why there is often
widespread consideration of eye state as a control variable for
alpha-band activity in EEG analysis®.

However, it remains unclear whether alpha-band activity
alone is sufficient to distinguish eye states or whether other
frequency bands also provide critical information to classifi-
cation performance. EEG signals are inherently broadband,
and frequency bands such as Beta (13-30 Hz) and Theta (48
Hz) are also known to reflect distinct cognitive and physiolog-
ical processes 11
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Accordingly, the main hypothesis in this study is that while
alpha-band activity is important, information relevant to eye-
state classification is distributed across multiple frequency
bands.

To investigate, we assessed the contributions of different
EEG frequency bands to eye-state classification by comparing
band-isolated and band-suppressed conditions across Alpha,
Beta, and Theta bands along with the baseline.

This study aims to test whether selectively removing a given
frequency band from the signal degrades classification perfor-
mance more than retaining its isolated counterpart, thereby
providing evidence about the relative criticality of each band.

Furthermore, this study examines the effect of evaluation
protocol on classification performance. Due to the continu-
ous nature of EEG data, during EEG ML training, models of-
ten learn predictable background timing patterns rather than
actual brain signals, leading to artificially inflated accuracy
scores 12713,

By contrasting the results of the random split, which re-
tains all temporal data leakage, and the time-aware split, de-
signed to mitigate the effects '°, this study also aims to assess
the extent to which evaluation methodology affects classifica-
tion performance in EEG and machine learning research.
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Methods

Research Design

This study is a single-subject (n = 1), single-session, retro-
spective secondary analysis of a previously-collected EEG
recording '’ incorporating both a within-signal ablation de-
sign (band isolation vs suppression) and a controlled compar-
ison of evaluation protocols (random vs time-aware splitting).

Dataset Preperation

Dataset was obtained from the UCI Machine Learning Repos-
itory (EEG Eye State, dataset ID 264), originally released by
Rosler & Suendermann (2013) at http://suenderman
n.com/corpus/EEG_Eyes.arff.gz!’.

The dataset consists of 14,980 EEG measurements recorded
over 117 seconds from a single participant using an Emotiv
EEG Neuroheadset. Each sample contains 14 different EEG
channel readings (AF3, F7, F3, FC5, T7, P7, O1, 02, P8, T8,
FC6, F4, F8, AF4) along with a target label (eyeDetection),
where 1 indicates eyes closed and 0 indicates eyes open. Eye
state annotations were manually added by analyzing simulta-
neous video recordings.

The original authors removed 3 out of 14,980 measurements
due to obvious transmission errors, leaving 14,977. We ap-
plied our own independent z-score-based exclusion procedure
(|z| > 6), resulting in 4 flagged instances (indices 898, 10386,
11509, 13179) in near agreement with the original preprocess-
ing. The measurements were subsequently deleted from our
analysis, as a result, yielding 14,976 measurements.

Causal Band Filtering

To investigate the role of specific EEG frequency bands in eye
state classification, a causal band filter was applied to make
two feature sets per band: one where the target frequency band
has been isolated and one where it has been suppressed.

To isolate or suppress a target frequency band, we re-
placed full-record frequency masking with a causal fourth-
order Butterworth filter '3(scipy.signal.butter), applied via
(scipy.signal Ifilter). Because a causal filter’s output at time
t depends only on inputs at times < ¢, a single filtering pass
over each channel cannot introduce information from later,
held-out time periods into earlier training samples °.

While the original paper does not report an explicit value in
Hz!7. We took the sampling rate to be 128 Hz, consistent with
the manufacturer-specified sampling rate of the Emotiv EPOC
headset? used in the original recording and the corpus’s own
reported duration and sample count (14,980 instances + 117 s
~ 128 Hz).

Band-isolated signals were produced with a bandpass filter
and band-suppressed signals were produced with a bandstop

filter. As shown in Figures 1 and 2, frequency bands were
correctly defined as Alpha (8-13 Hz), Beta (13-30 Hz), and
Theta (4-8 Hz).

Visualisation of causal band filtering - channel AF3

Alpha Beta

Figure. 1 Power spectral density of each condition plotted against
the frequency.
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Figure. 2 Compares each experimental condition side by side, plot-
ting the amplitude against the time passed. From the figure, the dif-
ference in frequency in each band can be clearly observed.

Windowing and Feature Extraction

Each condition’s filtered signal was segmented into non-
overlapping 1.5s windows (192 raw samples per window or
78 windows per condition). For each window and channel,
we computed a log band-power feature as the log of the mean
squared amplitude within that window?', rather than treating
each 1/128s sample as an independent observation.

Window length was selected via a sensitivity sweep across
1.0-3.0s (Table 1), using the Alpha frequency band as a rep-
resentative for the 2 others. As shown, the usable window
count decreased with window length (98, 59, 40, 28, 21 win-
dows), while fold-level accuracy variance grew dramatically
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window_sec condition n_windows.  n_windows_ n_folds_ mean_ sd_accuracy mean_balanced- mean_f1 mean_majority_
total usable used accuracy accuracy class_baseline
1 Baseline 117 98 5 0.55 0.092702 0.54881 0.456835 0.675
1 Alpha-Isolated 117 98 5 0.525 0.055902 0.540675 0.398697 0.675
1 Alpha-Suppressed 117 98 5 0.55 0.149217 0.547024 0.506273 0.675
1.5 Baseline 78 59 5 0.555556 0.136083 0.590635 0.433553 0.8
L5 Alpha-Isolated 78 59 5 0.4 0.168508 0.359048 0.233333 0.8
1.5 Alpha-Suppressed 78 59 5 0.533333 0.182574 0.577302 0.425674 0.8
2 Baseline 58 40 5 0.533333 0.074536 0.54 0.487619 0.8
2 Alpha-Isolated 58 40 5 0.366667 0.298142 0.4 0.477143 0.8
2 Alpha-Suppressed 58 40 5 0.533333 0.074536 0.54 0.487619 0.8
2.5 Baseline 46 28 5 0.5 0.306186 0.45 0.438095 0.85
2.5 Alpha-Isolated 46 28 5 0.3 0.410792 0.25 0.342857 0.85
2.5 Alpha-Suppressed 46 28 5 0.6 0.379144 0.55 0.504762 0.85
3 Baseline 39 21 5 0.6 0.365148 0.533333 0.52 0.866667
3 Alpha-Isolated 39 21 5 0.466667 0.380058 0.416667 0.46 0.866667
3 Alpha-Suppressed 39 21 5 0.6 0.365148 0.533333 0.52 0.866667

Table 1 Sensitivity sweep performed on the Alpha frequency band as a representative for all others. Window count, accuracy and other relevant
information are reported for each condition in each tested window length.

when beyond 2.0s. Based on this, we selected a window length
of 1.5s as the point before this variance increase, prioritizing
estimated stability over the window length that happened to
yield the highest accuracy for any single condition.

Windows overlapping an eye-state transition were excluded
from modeling, 19 out of 78 windows (24.4%) being dropped
for each band.

Evaluation Protocols

Two evaluation protocols were applied to the windowed, band-
power feature set described above: random split and time-
aware split.

In the random split, the feature set was divided into training
and test sets via an 80/20 stratified split, repeated across five
random seeds (0,1,2,3,4) to reduce sensitivity to any single
partition.

In the time-aware split, as shown in Table 2, we used Time-
SeriesSplit with five folds and an explicit two-window (3s)
gap between the end of each training partition and the start
of its corresponding test partition, preventing near-boundary
window overlap. Both protocols operate on the identical win-
dowed, causally-filtered features, which is what makes their
results directly comparable for the first time in this analysis.

The number of folds as 5 reflects a tradeoff between per-fold
test-set size and the granularity needed for the permutation test
described below.

Because TimeSeriesSplit training sets grow with each fold,
training-set size varied roughly four-fold across folds (ranging
12-48 across S usable folds). We treat this as a scope limitation
on any claim attributing the random-vs-time-aware accuracy
gap solely to leakage.

Classification Model

XGBoost’s XGBClassifier version 3.2.0 was utilized for bi-
nary classification of the eye state label. XGBoost is a gradi-
ent boosting framework > that builds an ensemble of decision
trees sequentially, with each tree correcting the residual er-
rors of its predecessors?? The model was trained separately
on each experimental condition with the same hyperparame-
ters.

The hyperparameters applied are as follows. The model
was configured with 100 estimators (boosting rounds), pro-
viding sufficient capacity to capture complex patterns, with-
out excessive computational power needed. A learning rate of
0.1 was selected to ensure more gradual convergence across
boosting rounds, reducing the risk of overfitting to any single
tree’s errors. A maximum tree depth of 5 was chosen to allow
the model to capture moderately complex feature interactions
while preventing individual trees from overfitting to noise in
the EEG signal, given the inherently variable nature of EEG
data. XGBoost was instructed to perform binary classifica-
tion by predicting probabilities (objective = 'binary:logistic'),
evaluate accuracy using log loss (eval_metric = 'logloss'), and
maximize training speed by leveraging every CPU core avail-
able (n_jobs = -1). Finally, the random state was fixed at 42 to
ensure reproducibility.

Moreover, Numpy version 2.4.1, Scipy version 1.17.0,
Scikit-learn versionl.8.0 were utilised throughout the exper-
iment 2426

Statistical Testing

Two statistical tests were performed on the perceived mean
accuracies: unpaired and paired permutation test.
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Fold Train windows Train duration Test windows Test duration Gap (windows)
1 0-11 (12) 0-18.0s 14-22 (9) 21.0-34.5s 2
2 0-20 (21) 0-31.5s 23-31(9) 34.5-48.0s 2
3 0-29 (30) 0-45.0s 32-40 (9) 48.0-61.5s 2
4 0-38 (39) 0-58.5s 41-49 (9) 61.5-75.0s 2
5 0-47 (48) 0-72.0s 50-58 (9) 75.0-88.5s 2

Table 2 Shows each of the 5 folds used to calculate classification accuracy and their relevant information. Specifically which samples were
used to train the model, which were used to test the model and their respective durations.

To determine whether the observed performance drop under
time-aware evaluation is statistically significant, we perform a
two-sided independent-samples permutation test>’ (R = 9,999
resamples). Under the null hypothesis that evaluation protocol
has no effect on performance accuracy, we pooled the perfor-
mance scores from both protocols, repeatedly shuffled them
into two surrogate groups, and recalculated the difference in
means. The resulting p-value represents the proportion of dif-
ferences that equal or exceed the observed gap, with p < 0.05
denoting a statistically significant evaluation bias.

On the other hand, to evaluate whether individual frequency
bands were sufficient or necessary for prediction, each experi-
mental condition was compared with the baseline model using
a paired permutation test across the cross-validation folds.

Within the paired permutation test, two hypotheses were ex-
amined by testing whether the model trained with a specific
frequency band saw a significant decrease in performance.
First, for isolated-band conditions a significant decrease
would indicate that band alone was insufficient in matching
the performance of the baseline; and a non-significant result
would indicate that the test did not by itself establish suf-
ficiency. Second, for suppressed-band conditions, the test
would assess the necessity of the band that was suppressed.
In both cases, a one-sided alternative hypothesis (" alternative
= "less"”) was specified beforehand, corresponding to the hy-
pothesis that the experimental condition would produce lower
accuracy than the baseline.

The said statistical test was performed using SciPy’s paired
permutation test ("~ scipy.stats.permutation_test ) with (permu-
tation_type='samples'). As only five paired cross-validation
folds were available, the test employed exact permutation enu-
meration (n_resamples = np.inf) rather than random resam-
pling. With five paired observations, there are 25 = 32 possible
sign-flip arrangements, allowing every permutation to be eval-
uated thoroughly. Consequently, the smallest attainable ex-
act two-sided p-value is 2/32 = 0.0625, indicating that, with
this experimental design, statistical significance at the conven-
tional p = 0.05 level cannot be achieved. Because this floor al-
ready exceeds the conventional single-comparison threshold,
no additional correction for multiple comparisons was applied
across the six band-condition comparisons performed; results

are accordingly interpreted as descriptive rather than confir-
matory. We also note that TimeSeriesSplit folds share overlap-
ping training data by construction, with each successive fold’s
training set being a superset of the previous fold’s, so the five
folds do not constitute fully independent observations, and the
permutation test’s exchangeability assumption should be read
with this dependency in mind.

For each comparison, the mean paired difference in clas-
sification accuracy between the model trained under experi-
mental conditions and the baseline model was calculated and
reported. In addition, a 95% confidence interval for the mean
paired difference was estimated using Student’s t-distribution
and the confidence interval’s upper and lower limits were re-
ported to avoid ambiguity in the results. To ensure valid paired
comparisons, analyses were restricted to folds available in
both the baseline and experimental conditions whenever un-
equal numbers of usable folds occurred.

Necessity Ablation

To further evaluate the necessity of each frequency band, the
band-suppressed conditions were compared with the baseline
conditions via a necessity ablation test. While it corresponds
with one of the statistical test hypotheses stated above, the
test was performed following the recommendation that these
represent separate questions rather than two halves of one ex-
periment.

Both models were evaluated on identical windowed seg-
ments and cross-validation folds. Because window exclusion
(dropping windows that straddle an eye-state transition) de-
pends only on the shared label sequence and window length
and not on the band-filtered signal itself, the full-spectrum
and band-suppressed conditions produce identically ordered,
identically indexed window sequences by construction; as a
safeguard, label correspondence was verified explicitly before
comparison, and any length mismatch would have restricted
the comparison to the shared leading window sequence.

A significant result (p < 0.05, one-sided) indicates the re-
moved band contributed meaningfully to classification perfor-
mance. A non-significant result indicates the test did not de-
tect such a contribution at this sample size (five folds); and
again, given the exact test’s minimum attainable p-value of

4 | NHSJS Reports

© The National High School Journal of Science 2026



0.0625 two-sided, this should be read as inconclusive rather
than as evidence the band is unimportant.

Evaluation Metric

Simple classification accuracy alone can fail to show class-
specific error when there’s an imbalance. Therefore, balanced
accuracy, being the mean of per-class recall, along with the
F1 / Precision / Recall triplet were reported as the results and
summarized on a table.

Per-condition results are summarized as the mean of each
metric across folds or seeds (accuracy additionally reported
with SD), alongside the mean majority-class baseline for di-
rect comparison; confusion matrices are summed element-
wise across folds/seeds into one aggregate matrix per condi-
tion and reported as raw counts with row-normalized percent-
ages.

Results

Time-Aware Split

Within the Time-Aware split results (Table 3), experimen-
tal conditions had accuracies hovering around the mid mark,
while the majority-class baseline was fixed at 0.8.

The Beta-Isolated condition had the highest mean accu-
racy (0.644) while the Alpha-Isolated condition had the low-
est (0.4), each one of the 7 conditions sitting below the 0.800
majority-class baseline. The largest gap being in Alpha-
Isolated (—0.400), the smallest gap being in Beta-Isolated
(—0.156).

Random Split

Contrary to the Time-Aware split (Table 3), several condi-
tions with accuracies exceeding 0.6 could be seen (Baseline,
Beta-Isolated, Theta-Suppressed) and the majority-class base-
line was fixed at far lower (0.583) for Random split (Table 4).
As such, the Baseline, Alpha-Suppressed, Beta-Isolated and
Theta-Suppressed conditions outperformed the majority-class
baseline.

But similarly to the Time-Aware Split, Beta-Isolated had the
highest mean accuracy at 0.633 while Alpha-Isolated had the
lowest at 0.433.

Accuracy by Band

Figures 3 to 5 show mean accuracy with standard-deviation er-
ror bars for each band, alongside its own majority-class base-
line, under both evaluation protocols.

Time-Aware Spiit Random Split

s e ‘Né«ﬂ

Figure. 3 Mean accuracy (£ SD) for the conditions Baseline, Alpha-
Isolated, and Alpha-Suppressed under time-aware (left) and random
(right) splits, with the majority-class baseline shown as a dashed line.

Time-Aware Split Random Split

|

Figure. 4 Mean accuracy (= SD) for the conditions Baseline, Beta-
Isolated, and Beta-Suppressed under time-aware (left) and random
(right) splits, with the majority-class baseline shown as a dashed line.

Time-Aware Split Random Split

o

Figure. 5 Mean accuracy (4 SD) for the conditions Baseline, Theta-
Isolated, and Theta-Suppressed under time-aware (left) and random
(right) splits, with the majority-class baseline shown as a dashed line.

Unpaired Permutation Test

As a result of the unpaired statistical test in Table 5, it can
be seen that for the differences observed between the Time-
Aware and Random splits, all condition’s achieved a p-value
of 0.468 or above Theta-Suppressed being the lowest at said
mean accuracy. Notably, both Beta bands had a p-value of 1.0.

Paired Permutation Test

None of the conditions reached a p-value below the standard of
p < 0.05, which is expected given the 0.0625 two-sided floor
at n =5 folds. Every 95% confidence interval range crossed
the 0.0 mark. Finally, noticeably, Alpha-Isolated has the nu-
merically largest effect (—0.156) and smallest p-value (0.156)
out of the 6 (Table 6).
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Condition n_folds. mean_accuracy sd.accuracy mean_balanced_ mean_f1 mean_precision mean_recall mean_majority_

used accuracy class_baseline

Baseline 5 0.533333 0.074536 0.54 0.487619 0.483333 0.633333 0.8
Alpha-Isolated 5 0.4 0.168508 0.359048 0.233333 0.313333 0.233333 0.8
Alpha-Suppressed 5 0.533333 0.182574 0.577302 0.425674 0.420952 0.588889 0.8
Beta-Isolated 5 0.644444 0.265274 0.709841 0.502222 0.43 0.7 0.8
Beta-Suppressed 5 0.577778 0.144871 0.610635 0.445674 0.44 0.588889 0.8
Theta-Isolated 5 0.511111 0.185924 0.543968 0.462597 0.430952 0.6 0.8
Theta-Suppressed 5 0.511111 0.168508 0.557302 0.413553 0.406667 0.588889 0.8

Table 3 Comparison of classification performance across all 7 conditions when trained under time-aware split. From the table, it can be inferred
that the majority class baseline outperformed all conditions.

Condition n_folds. mean_accuracy sd.accuracy mean_balanced_ mean_f1 mean_precision mean_recall mean_majority_
used accuracy class_baseline

Baseline 5 0.616667 0.225154 0.585714 0.447619 0.55 0.4 0.583333
Alpha-Isolated 5 0.433333 0.108653 0.422857 0.321399 0.295 0.36 0.583333
Alpha-Suppressed 5 0.583333 0.195434 0.551429 0.39974 0.506667 0.36 0.583333
Beta-Isolated 5 0.633333 0.045644 0.617143 0.52022 0.573333 0.52 0.583333
Beta-Suppressed 5 0.583333 0.242956 0.551429 0.410649 0.526667 0.36 0.583333
Theta-Isolated 5 0.466667 0.074536 0.462857 0.384371 0.363889 0.44 0.583333
Theta-Suppressed 5 0.6 0.180662 0.571429 0.432727 0.493333 0.4 0.583333

Table 4 Comparison of classification performance across all 7 conditions when trained under random split. From the table, one can see several
bands that were noticeably higher than their Time-Aware versions and a significantly lower majority-class baseline.

condition mean_diff pvalue
Baseline 0.061111 0.603175
Alpha-Isolated 0.033333 0.777778
Alpha-Suppressed 0.05 0.785714
Beta-Isolated -0.011111 1
Beta-Suppressed 0.005556 1
Theta-Isolated -0.044444 0.690476
Theta-Suppressed 0.088889 0.468254

Table 5 Unpaired permutation test results comparing performance differences between Time-Aware and Random splits across all isolated and
suppressed frequency-band conditions (all p > 0.468).

condition n_folds n_arrangements mean_diff alternative pvalue_exact ci_lower ci_upper
Alpha-Isolated 5 32 -0.155556 less 0.15625 -0.473169 0.162058
Alpha-Suppressed 5 32 -0.022222 less 0.5 -0.173353 0.128908
Beta-Isolated 5 32 0.088889 less 0.75 -0.254635 0.432413
Beta-Suppressed 5 32 0.022222 less 1 -0.039477 0.083921
Theta-Isolated 5 32 -0.044444 less 0.46875 -0.429753 0.340864
Theta-Suppressed 5 32 -0.044444 less 0.5 -0.167842 0.078953

Table 6 Paired permutation test results comparing the sufficiency and necessity of each frequency band against the baseline across 5 folds and
32 arrangements (all p > 0.156, all 95% Cls include 0).

Necessity Ablation Test Confusion Matrices

Confusion matrices for all seven conditions under both evalu-
As seen in Table 7, the necessity ablation test results came out ation protocols are shown in Figures 6 to 11.
to be the same as the necessity test via the suppressed band Per-class recall was not stable across evaluation protocol for
paired permutation test performed above (Table 6). any of the three bands’ isolated conditions. For Beta-Isolated,
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condition n_folds n_arrangements mean_diff alternative pvalue_exact ci_lower ci_upper
Alpha-Suppressed 5 32 -0.022222 less 0.5 -0.173353 0.128908
Beta-Suppressed 5 32 0.022222 less 1 -0.039477 0.083921
Theta-Suppressed 5 32 -0.044444 less 0.5 -0.167842 0.078953

Table 7 Necessity ablation test results showing one-tailed exact permutation test comparisons when suppressing individual frequency bands

(results same as the necessity test performed above in Figure.8).

eyes-closed recall was 88.9% under time-aware but 52.0% un-
der random-split, while eyes-open recall showed the oppo-
site pattern (48.1% time-aware vs. 71.4% random). Alpha-
Isolated and Theta-Isolated showed smaller but similar shifts
between protocols. Under time-aware, Alpha-Isolated recall
fell below 50% for both classes simultaneously (44.4% eyes-
open, 33.3% eyes-closed), performing worse than chance-
level guessing on each class individually rather than only on
average.

Confusion Matrices — Time-Aware Split (Alpha)

Alpha-Suppressed
(summed over 5 folds)

Baseline
(summed over 5 folds)

Alpha-isolated
(summed over 5 folds)

True: eyes open True: eyes open True: eyes open

True: eyes closed True: eyes closed True: eyes closed

Pred: eyes open  Pred: eyes closed Pred: eyes open  Pred: eyes closed

Pred: eyes open  Pred: eyes closed

Figure. 6 Confusion matrices for Baseline, Alpha-Isolated, and
Alpha-Suppressed, summed over 5 folds, time-aware split.

Confusion Matrices — Random Split (Alpha)

Baseline Alpha-isolated Alpha-Suppressed

(summed over 5 folds) (summed over 5 folds) (summed over 5 folds)
8 9

True: eyes open B True: eyes open True: eyes open &)
10 )

True: eyes closed D True: eyes closed True: eyes closed E)

Pred: eyes open Pred: eyes closed Pred: eyes open Pred: eyes closed Pred: eyes open Pred: eyes closed

Figure. 7 Confusion matrices for Baseline, Alpha-Isolated, and
Alpha-Suppressed, summed over 5 seeds, random split.

Confusion Matrices — Time-Aware Split (Beta)

Beta-lsolated
(summed over 5 folds)

Beta-Suppressed
(summed over 5 folds)

Baseline
(summed over 5 folds)

True: eyes open True: eyes open True: eyes open

True: eyes closed True: eyes closed True: eyes closed

Pred: eyes open Pred: eyes closed Pred: eyes open Pred: eyes closed Pred: eyes open Pred: eyes closed

Figure. 8 Confusion matrices for Baseline, Beta-Isolated, and Beta-
Suppressed, summed over 5 folds, time-aware split.

Confusion Matrices — Random Split (Beta)

Beta-Suppressed
(summed over 5 folds)

Beta-Isolated
(summed over 5 folds)

Baseline
(summed over 5 folds)

8 9
True: eyes open () True: eyes open True: eyes open )

10 9
True: eyes closed () True: eyes closed True: eyes closed )

Pred: eyes open  Pred: eyes closed

Pred: eyes open  Pred: eyes closed

Pred: eyes open Pred: eyes closed

Figure. 9 Confusion matrices for Baseline, Beta-Isolated, and Beta-
Suppressed, summed over 5 seeds, random split.

Confusion Matrices — Time-Aware Split (Theta)

Theta-Suppressed
(summed over 5 folds)

Theta-Isolated

Baseline
(summed over 5 folds) (summed over 5 folds)

10 1
True: eyes open True: eyes open 7% True: eyes open (59

5 6
True: eyes closed True: eyes closed () True: eyes closed (33%)

Pred: eyes open Pred: eyes closed Pred: eyes open  Pred: eyes closed Pred: eyes open  Pred: eyes closed

Figure. 10 Confusion matrices for Baseline, Theta-Isolated, and
Theta-Suppressed, summed over 5 folds, time-aware split.

Confusion Matrices — Random Split (Theta)

Theta-Suppressed
(summed over 5 folds)

Baseline Theta-Isolated
(summed over 5 folds)

(summed over 5 folds)

9
True: eyes open True: eyes open True: eyes open )

10
(40%)

True: eyes closed True: eyes closed True: eyes closed

Pred: eyes open  Pred: eyes closed Pred: eyes open  Pred: eyes closed

Pred: eyes open Pred: eyes closed

Figure. 11 Confusion matrices for Baseline, Theta-Isolated, and
Theta-Suppressed, summed over 5 seeds, random split.

Discussion

Headline Finding

The primary hypothesis under examination in this revision is
that no single frequency band (Alpha, Beta, or Theta) is inde-
pendently necessary nor sufficient for eye-state classification.
Two findings in this study support this hypothesis.

First, across all seven conditions evaluated under time-
aware validation, classification accuracy fell below the cor-
responding fold-wise majority-class baseline (Table 3). This
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gap was largest for Alpha-Isolated, where mean accuracy
(AM = —0.400), and smallest for Beta-Isolated (AM = 0.156).
The key finding here is that even the best-performing condi-
tion did not exceed the performance of always predicting the
majority class within each fold.

Second, as can be seen in Table 6 and Table 7, none of the
six paired sufficiency and necessity analysis reached statistical
significance (all p > 0.156), and all six confidence intervals
passed through zero.

The result and the key finding of this experiment is therefore
accurate to the original hypothesis.

Band Specific Interpretations

More information regarding frequency band contributions can
be obtained via statistical testing in each frequency condition.

None of the six paired comparisons in Table 6 (three suf-
ficiency tests isolated band vs. baseline and three necessity
tests suppressed band vs. baseline) reached the (p < 0.05)
threshold, and every 95% confidence interval passed through
zero. Under a paired exact permutation test with five folds,
the minimum achievable two-sided p-value is 0.0625, so this
design is not suitable to detect small-to-moderate effects; a
non-significant result here indicates that the test did not detect
a difference, not that no difference exists. Therefore, none of
the three bands are interpreted as either critical or unimpor-
tant to eye-state classification performance. The three bands
are more appropriately described as inconclusive.

Among the six comparisons, the alpha-isolated sufficiency
test produced the numerically largest effect and smallest p-
value (AM = —0.156, p = 0.156, 95% CI [—0.473,0.162)),
making it the most suggestive of the six results. With the beta-
suppressed, on the other hand, the necessity test produced both
the smallest effect and the tightest confidence interval of the
six (AM = 0.022, p = 1.000, 95% CT [—0.039,0.084]), mak-
ing it the least suggestive of any band-specific effect in this
analysis, though not treated as evidence of an effect.

Random vs Time-Aware Comparison

Despite visible differences between the two, there are three
factors contributing to the differences between random-split
and time-aware accuracy, with regard to each protocol’s own
majority-class-baseline (Table 3 vs Table 4).

First, causal band filtering removes the pathway by which
earlier preprocessing could incorporate information from later,
held-out time periods. Second, windowing removes the near-
duplicate-neighbor pathway by which adjacent, highly corre-
lated samples could previously appear on both sides of a ran-
dom split.

Third, separate from either temporal leakage pathway, time-
aware training-set size varied substantially across folds (12 to

48 windows, a 4.0-fold range), and the recording was non-
stationary in class balance across time. Both can affect fold-
wise accuracy independent of any leakage.

When that gap was tested directly via an unpaired permu-
tation test comparing each condition’s random-split and time-
aware split accuracy (Table 5), no condition reached statistical
significance (all p > 0.468). We therefore do not claim the
leakage corrections produced a statistically confirmed reduc-
tion in accuracy.

The confusion matrices add another caution against over-
interpreting the random-vs-time-aware gap as a single effect.
Per-class recall for the isolated-band conditions was not con-
sistent across protocol, and in the case of Beta-Isolated, the
direction of the class-wise recall imbalance reversed entirely
between the two splits. (Figures 6 - 11)

Isolated vs Suppressed

The isolated and suppressed conditions did not follow a uni-
form pattern relative to one another.

Suppressed outperformed isolated for alpha in both splits
(Time-Aware: 0.533 vs. 0.400; Random: 0.583 vs. 0.433) and
for theta in the random split (0.600 vs. 0.467), while theta was
exactly tied in the time-aware split (0.511 vs. 0.511). Only
Beta showed the opposite pattern in both splits, with isolated
exceeding suppressed (Time-Aware: 0.644 vs. 0.578; Ran-
dom: 0.633 vs. 0.583). (Figures 3 - 4)

However, where suppressed did outperform isolated, we
interpret this as an expected consequence of the asymmetry
between the two rather than as evidence that classification-
relevant information is distributed across the broader spec-
trum. An isolated band retains only its own narrow bandwidth,
whereas its corresponding suppressed condition retains every-
thing outside it, including the other two canonical bands and
any residual drift or artifact. Furthermore, Beta’s reverse in
observation for both splits further argues against it.

Limitations

This study holds several limitations. First, the dataset used
was collected from one participant in one recording session,
leaving it unknown how broadly these findings can be ap-
plied. Second, our z-score-based exclusion criterion (|z| > 6)
flagged four anomalous samples rather than the three removed
by Résler and Suendermann (2013). We report this discrep-
ancy rather than adjusting the threshold to match the original
count. Third, the Butterworth filters used to isolate and sup-
press each band have a gradual slope rather than a sharp cutoff
(Figures 1 and 2); the results should be interpreted with this
in mind. Fourth, all results reported are from a single classi-
fier configuration (as per the hyperparameters described in the
methodology); the results should therefore not be generalized
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to other model classes. Finally, no artifact-rejection or line-
noise treatment was applied beyond the causal band filtering
itself, and that suppressed-band conditions in particular may
retain external electrical activity alongside neural signals; we
cannot rule out that some suppressed-condition performance
may reflect non-cerebral information.

It is also important to note that classification accuracy may
not fully capture differences in model performance across con-
ditions.

Future Work

Future studies could replicate this methodology across mul-
tiple participants and mutiple recording sessions to allow the
finding reported here to be extended to generalization across
individuals. Artifact-rejection could be applied to rule out
external sources of electrical activity especially within the
suppressed-band conditions. A channel or regional level abla-
tion such as comparison between posterior and anterior elec-
trode groups would extend the frequency only comparison
to test whether specific regions, rather than or in addition to
specific frequency bands, contribute to classification perfor-
mance.

Finally, repeating the necessity and sufficiency compar-
isons with a regularized linear classifier alongside XGBoost
would test whether the inconclusive band-specific results re-
ported here are a property of the underlying data or specific to
gradient-boosted tree ensembles.

Conclusion

In conclusion, this study evaluated whether Alpha, Beta, or
Theta band EEG activity when independent is necessary or
sufficient for eye-state classification via the UCI EEG Eye
State dataset. Under the time-aware evaluation, no experi-
mental condition exceeded its corresponding majority-class
baseline and no frequency band showed statistically signifi-
cant sufficiency or necessity. These results therefore are accu-
rate to the original hypothesis that no single frequency band
is independently critical to eye-state classification, nor is any
frequency band disposable. We further show that random split
and time-aware split do not differ significantly in accuracy for
any of the seven experimental conditions. This opposes any
claim, in this work or in future work using this dataset, that
a specific accuracy gap between evaluation protocols is evi-
dence of leakage rather than a descriptive pattern consistent
with several possible contributing factors.
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