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Stroke is one of the leading causes of long-term disability worldwide. Many survivors
lose reliable control of an arm or hand, making tasks like steering a powered
wheelchair difficult. A brain-computer interface (BCl) offers another route, reading
brain activity directly and turning it into commands. BCls that work well for healthy
volunteers often perform worse for patients, whose brain signals have been changed by
the injury.

EEG and Brain-Computer Interface

* ABCl translates brain signals into commands for external devices.
* |n assistive robotics, EEG-based BCls let users control powered wheelchairs, giving
mobility and independence to people with severe motor impairment.

¢ EEG is safe, portable and inexpensive, but its signals are weak and noisy, so how a
decoder is built and tested matters a great deal.
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Figure 1. An example EEG-controlled wheelchair. Brain signals are pre-processed, converted to features
and classified into movement commands (image source to be added).

When a person imagines moving one hand, the 8-30 Hz rhythms over the motor cortex
on the opposite side of the brain weaken. Electrodes C3 and C4 sit directly over these
areas.

The standard way to extract this pattern is Common Spatial Patterns (CSP), which learns
the electrode combinations that best separate left from right, using the trial labels.
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Figure 2. Representative epochs from one healthy and one stroke participant. Stroke EEG is flatter,
leaving less signal to decode.

RELATED WORKS

Prior Work

Motor-imagery BCls detect the drop in 8-30 Hz power over the sensorimotor cortex during
imagined movement (Pfurtscheller & Lopes da Silva, 1999). CSP is the most widely used
way to extract it (Ramoser et al., 2000; Blankertz et al., 2008), and Riemannian classifiers
are a strong alternative (Lotte et al., 2018). EEG wheelchairs have mostly been tested with
healthy users (Al-qaysi et al., 2018).

Gap in Current Research

= If CSP is fitted before the train/test split, the test trials shape the model, a form of data
leakage. It affects hundreds of machine-learning papers across 17 fields (Kapoor &
Narayanan, 2023), yet its cost in BCl research is rarely measured.

e Stroke patients, who would benefit most, are underrepresented, and fixes for their
weaker signals are seldom tested with leak-free evaluation.

What My Research Adds

» Adirect measurement of CSP leakage on data with no real signal and on real EEG
¢ Ahealthy vs. stroke comparison under correct evaluation

= Arigorous test of adaptive amplification and why it fails

RESEARCH OBJECTIVE

This project measures how much accuracy CSP leakage creates, and then uses leak-free
evaluation to test whether adaptive signal amplification can help stroke patients. The
aim is not a new decoder but an exact measurement of a common mistake, followed by
a fair test of one proposed fix.

Hypothesis 1. Fitting CSP before the train/test split will inflate accuracy, most
strongly when training and testing on the same person.

Hypothesis 2. Adaptive amplification of weak EEG will improve decoding accuracy
for stroke patients.
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Data and Preprocessing
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Public, de-identified data; each trial is imagined left- or right-hand movement (chance =
509%). Both sets were limited to their 29 shared electrodes and re-referenced to the
common average, which was essential because the stroke data’s original reference made
signals about 7.6x smaller at Cz. Trials above 400 pV peak-to-peak were rejected.

Decoding Pipeline

figshare 21679035 500 Hz 46 1,758

Raw EEG | — Preprocelss o csp ﬁlltors g i =
reference, artifacts log-variance
Forest
Left / Right

CSP filters make left and right trials as different as possible; their log-variance feeds a
Random Forest. A Riemannian classifier (pyRiemann) served as an independent check.

Evaluation Design

Within-subject
Train and test on the same person, as when
a user calibrates their own BCI.

Cross-subject

Train on other people and test on someone
new; folds grouped by participant.

Null Experiment

Both protocols were run on synthetic EEG with no class information, where a fair test
must score about 50%, so anything higher is created by the evaluation. Each of the four
conditions was repeated 20 times with a fixed seed, so results reproduce exactly from the
public code.

RESULTS

Testing Hypothesis 1 on Data with No Real Signal
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Figure 3. Accuracy on label-free data under each protocol. Created by Aria Chadha using Python Library
Matplotlib.

With CSP fitted inside each training fold, accuracy was 50.4%, as expected. Fitting it
before the split gave 91.3%, 41.3 percentage points of fake accuracy. Across subjects it
was smaller (+4.1 to +6.0 pp). In other words, a model that learned nothing would have
been reported as over 90% accurate. Hypothesis 1 was supported.

Hypothesis 1 on Real EEG

Within-subject Correct Leaky Inflation
Healthy 62.3% 76.6% +14.3 pp
Stroke 54.1% 64.7% +10.6 pp
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On real recordings, leakage added 10-14 points,
more than the honest gap between the two
groups. The leaky healthy score (76.6%) would
look competitive with published work; the
honest one is 62.3%. With correct evaluation,
stroke accuracy was above a 200-permutation

null (p <0.005), but it fell to chance for a new

Figure 4. Leak-free accuracy for a calibrated . :
atient (50.1% cross-subject).
user vs. a new user. Created by Aria Chadha K ( ject)

using Python Library Matplotlib.

Why Stroke EEG Is Harder to Decode

Henlthy: 07 rubjscen Stroe; 46 subjcts

1

i

e 1
i

1
i
1

FEEt

F3
T
=
s
- L I
fo ln uln L
- a - : 3 -

Porpiziect slara £ s 1Ganart 1)

Figure 5. Per-subject left/right difference at C3 vs. C4. Created by Aria Chadha using Python Library
Matplotlib.

The usual left/right difference was much weaker after stroke (mean d = +0.54 healthy vs.
+0.09 stroke). Most healthy participants showed a clear shift between hemispheres; many
stroke patients showed almost none.

Wheelchair Simulation
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Figure 6. Simulated navigation outcomes for each group and phase. Created by Aria Chadha using
Python Library Matplotlib.

Decoded commands drove a simulated wheelchair with a safety override. Both groups
reached the goal in 96% of runs with zero collisions, but stroke users needed more steps
(46.2 vs. 38.6) and had more commands blocked (about 12% vs. 10.5%).

Code & data
on GitHub

TESTING HYPOTHESIS 2

Weak stroke epochs were boosted 1.1-1.5x before classification, first against a population
reference, then a per-subject reference. The population reference boosted 97.9% of trials,
acting as a near-constant gain, which is why the per-subject version was added. Healthy
data was never amplified, so healthy accuracy is unchanged by design. Effects were tested
with paired comparisons across participants, with 95% confidence intervals and Holm-
Bonferroni correction.

Per-subject accuracy, paired across phases

Healthy (87 subjects) Stroke (46 subjects)
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Figure 7. Each line is one participant, before and after amplification. Created by Aria Chadha using
Python Library Matplotlib.

Amplification factors, subject reference
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200 subject reference (95% CI -2.99 to +1.52, p=
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B e SRR result. Hypothesis 2 was not

Amplification factor

supported.

Figure 8. Amplification factors applied.
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‘s Leakage was largest within-subject, which is

s how real users’ BCls are calibrated.
Amplification scales the whole signal, so it
cannot restore the left/right difference that
stroke weakens. For stroke users, a decoder may
need to look beyond the usual C3/C4 pattern, for
example toward the undamaged hemisphere.
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amplification effect, and correcting the
Figure 9. Stronger left/right difference, better evaluation removed it, which led to this study.
decoding. Created by Aria Chadha using
Python Library Matplotlib.
¢ This study used offline recordings, one stroke dataset and one main decoding

pipeline, so results should be confirmed with live users.

* Next steps are to audit published BCI studies for leakage, test with live EEG
hardware, and build decoders tailored to each patient.

CONCLUSION

¢ Fitting CSP before the split can turn random data into a 91%-accurate “BCI.”

* Leakage on real EEG (10-14 pp) is larger than the difference between healthy and
stroke users.

« Signal amplification does not improve stroke decoding; stroke-specific decoders are
needed.

s Everysupervised step should be fitted inside the training fold, and cross-subject
results should be reported alongside within-subject ones.
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