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Abstract

Brain–computer interfaces (BCIs) translate brain activity into actionable outputs, enabling communication for indi-
viduals with severe motor impairments such as amyotrophic lateral sclerosis (ALS). Electroencephalography (EEG)-based
BCIs, such as the P300 speller, are widely adopted since they are noninvasive, safe, and affordable. This work examines
the trade-off between training data quality and quantity in P300 speller performance. Using a curated EEG dataset, we
train SWLDA and EEGNet models under varying data conditions to compare the impact of high-quality, low-volume
datasets versus larger, noisier datasets. Results show that high-quality, domain-matched datasets consistently outperform
larger mismatched datasets, underscoring the primacy of data quality in P300 speller performance.

1 Introduction

A P300 speller presents users with a grid of characters
that flash in rows and columns. When the target symbol
flashes, a P300 event-related potential emerges in the EEG,
appearing as a positive peak around 300 ms post-stimulus.
Classifiers detect this response and rank characters to infer
the user’s intended choice. Figure 1 illustrates this effect,
showing average EEG responses to target and non-target
stimuli. The P300 peak appears clearly in the target condi-
tion, demonstrating the neural basis for BCI operation.

Figure 1: Grand-average EEG waveforms showing the P300
positive peak in response to target stimuli compared to non-
targets.

2 Methods

Experiments were conducted using the bigP3BCI
dataset [3], which contains EEG recordings from both ALS
patients and non-ALS participants performing the same
P300 speller task. Our methodology was organized in two
parts: defining the experimental conditions and establishing
a consistent data processing pipeline.

Training Conditions

Three experimental conditions were defined to repre-
sent different trade-offs between quality and quantity: user-
specific, within-domain, and cross-domain. User-specific
models were trained and tested on the same individual,
within-domain models used data from other ALS patients,
and cross-domain models were trained on non-ALS partici-
pants before testing on ALS patients.

Figure 2 summarizes these conditions. The left panel
shows subject assignments and inter-stimulus interval ad-
justments, while the right panel illustrates the imbalance in
training data size across the three setups.

Figure 2: Overview of training conditions. Left: subject
partitions and inter-stimulus intervals. Right: training data
volume in each condition.

Processing Pipeline

Building on these conditions, the second part of the
methodology was a consistent pipeline for preprocessing and
model training. Raw EEG signals were notch and bandpass
filtered, segmented into stimulus-locked epochs, and resam-
pled for uniformity. Two models were evaluated: SWLDA
and EEGNet. Models were trained under all three experi-
mental conditions and tested for character-level speller ac-
curacy.
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Figure 3: Pipeline for P300 speller experiments, including
preprocessing, classifier training, and speller output evalua-
tion.

3 Results

Results were obtained separately for EEGNet and
SWLDA to compare how classifier choice interacts with
training conditions.

As shown in Figure 4, EEGNet achieved the highest ac-
curacy in the user-specific condition, followed by within-
domain, while cross-domain training produced the lowest
performance. Larger cross-domain datasets improved accu-
racy but never reached the levels of domain-matched train-
ing.

Figure 4: Character accuracy across participants us-
ing EEGNet with user-specific, within-domain, and cross-
domain training data.

Figure 5 shows the corresponding results for SWLDA.
Although absolute performance was lower than EEGNet,
the same trend was observed: user-specific training per-
formed best, within-domain provided intermediate perfor-
mance, and cross-domain was lowest. Increasing the amount
of cross-domain data led to modest gains but did not close
the gap with domain-matched conditions.

The consistency between Figures 4 and 5 indicates that
training data quality, rather than classifier type, is the dom-
inant factor in determining P300 speller performance.

4 Discussion

The results demonstrate that the central factor in P300
BCI performance is not the algorithm but the quality and
relevance of the training data. User-specific models consis-
tently outperformed all others, highlighting the importance

Figure 5: Character accuracy across participants us-
ing SWLDA with user-specific, within-domain, and cross-
domain training data.

of personalization. Within-domain training, using ALS par-
ticipants to train for other ALS users, provided close perfor-
mance and suggests that pooling data from similar patient
populations can be effective. Cross-domain training, even
with large volumes of healthy-subject data, was consistently
the weakest. This reflects the strong domain mismatch be-
tween EEG signals of ALS and non-ALS populations, which
cannot be resolved by sheer quantity of data.

EEGNet outperformed SWLDA overall, showing the
benefits of modern deep learning architectures for EEG anal-
ysis, but both models exhibited the same dependency on
training data domain. This suggests that improvements in
algorithms alone cannot compensate for poor data align-
ment. These findings carry strong implications for practical
deployment of P300 spellers, where resources should priori-
tize targeted, high-quality data collection from the intended
user population.

5 Conclusions

This report shows that small, domain-matched datasets
can outperform larger mismatched datasets for P300 BCI
classification. User-specific models remain the gold stan-
dard, while within-domain models offer a strong alternative
when individual calibration data are limited. Cross-domain
transfer from non-ALS to ALS populations remains prob-
lematic despite larger training sets. The findings empha-
size that future P300 BCI research and development should
focus on collecting representative data from target popula-
tions rather than building ever-larger generic datasets.

6 Future Work

This work represents an initial report draft, and further
experiments will expand on these findings. In particular, we
will examine how the amount of additional training data re-
lates to performance improvements, investigate optimized
data selection strategies using autoencoder-based embed-
dings with k-nearest neighbor filtering for within-domain
and cross-domain transfer, and systematically assess the
combined impact of these approaches.
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