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Abstract Reactive brain-computer interface (BCI) systems provide an alternative communication and control pathway for patients
with severe motor impairments. However, these systems often face challenges in balancing speed, robustness, and user autonomy. These
challenges are particularly encountered in logographic languages, such as Chinese, where the vast set of characters complicates text entry.
In this study, we develop a practical Chinese-specific BCI speller (eLLM-BCI speller). The proposed eLLM-BCI speller combines eye
tracking (ET) technology and large language models in a reactive BCI system to improve communication efficiency. The ET technology
enables implicit, low-load asynchronous control; concurrently, the spatial distribution of the ET data is analyzed via flattened Gaussian
kernel density estimation, providing additional spatial information that strengthens the joint decoder. Furthermore, we integrate the
fine-tuned BLOOM model into the Chinese BCI system to further improve the interaction efficiency. The average output speed of
the proposed eLLM-BCI speller was 5.81 sinograms/min, and the associative word usage rate increased from 13.96% (traditional word
frequency-based baseline method) to 41.98% (proposed method). The LLM-based optimization significantly improved (p < 0.001) the
communication speed; this is attributed to its strong context comprehension abilities. This study provides a comprehensive approach for
developing efficient and reliable BCI spellers, addressing the challenging tradeoffs of user comfort, stability, and high-speed communication
in real-world applications.
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1 Introduction

Brain-computer interface (BCI) technology is highly significant for individuals with severe neuromuscular disor-
ders, such as amyotrophic lateral sclerosis (ALS) [1,2], stroke [3], and spinal cord injury [4], because it provides an
alternative communication channel between the human brain and the external world, helping patients to regain com-
munication and control capabilities to some extent. Among the various BCI applications, spellers are particularly
important for their ability to effectively convey user intentions, enabling accurate communication. Most electroen-
cephalogram (EEG)-based spellers are reactive BCI systems that rely on signals in response to external stimuli.
Widely-known examples include the P300 spellers [5] and the steady-state visual evoked potential (SSVEP)-based
spellers [6]. However, they exhibit a critical tradeoff between communication speed and user comfort. Although the
SSVEP-based spelling systems achieve high information transfer rates (ITRs) by employing large stimulus matrices
(often exceeding 120 targets) and optimized decoding methods [7,8], the required flickering stimuli often cause
significant visual fatigue and even seizures in susceptible individuals [9]. In contrast, the P300 spellers are gen-
erally more comfortable than the SSVEP-based spellers; however, they often require multiple stimulus repetitions
to ensure accuracy [10,11], thereby limiting communication speed. Additionally, these systems have been mainly
developed for alphabetic languages such as English. Consequently, the EEG-based Chinese spellers (EEGCSs) have
received comparatively less attention. The main challenge is the vast number of Chinese sinograms (over 11000
Chinese characters) compared with the 26-letter English alphabet [12]. Addressing this language-specific challenge
is crucial for the development of universally applicable BCI spellers.
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A significant functional limitation associated with the two dominant paradigms is their typically synchronous
nature. They operate in rigid, system-paced cycles, forcing the user to respond within a predefined time window.
To overcome this limitation, asynchronous systems that allow users to communicate at their own pace have been
actively investigated. Self-paced BCI control was achieved by employing two main approaches. The first decodes
user intent directly from EEG signals, such as attention states or event-related potentials [13-15]; however, the
inherent variability of EEGs often leads to instability. The second is based on hybrid BCI (hBCI) designs that use
explicit physiological signals, such as electrooculography (EOG) as a control switch [16-18]. Despite their stability,
these switches demand deliberate actions that increase the user’s cognitive load [19], posing significant challenges
to users with severe disabilities. Therefore, an implicit, low-load asynchronous control mechanism is crucial.

Beyond asynchronous control, the practical performance of BCI spellers critically depends on the accuracy and
robustness of their decoding process. Although significant efforts have been made to optimize decoding by developing
advanced filtering methods [10,20] and deep learning-based classifiers [21-23], the performance of BCI spellers is
ultimately limited by the inherent low signal-to-noise ratio (SNR) of EEG signals. The eye tracking technology has
emerged as a promising method to overcome this limitation. In visual-based reactive BCI systems, such as the P300
speller, users direct their visual attention toward specific regions to evoke the event-related potential. Therefore, the
gaze information can be synchronously collected and analyzed without introducing extra cognitive loads [24], thus
enabling efficient decoding. In reactive BCI systems, ET data are combined with EEG signals by employing two
approaches: serial and parallel. The serial approaches initially employ an eye tracker to identify the general area
of the target, followed by an accurate selection by employing a visually evoked paradigm [25,26]. In contrast, the
parallel approaches simultaneously combine eye movement with EEG data to achieve joint target identification [27].
Although these hybrid systems improve the decoding accuracy in BCI systems [24, 26, 28, 29], ensuring stability
against systematic bias in ET data, which can arise from minor, unperceived shifts in the user, remains a critical
challenge [30]. This can lead to a sharp decrease in the accuracy of the eye tracking and, consequently, a significant
reduction in the overall performance of the hybrid system. Therefore, a hybrid decoding approach specifically
designed to improve robustness against this particular failure mode is required.

Even by achieving asynchronous interaction and robust decoding accuracy, the overall communication perfor-
mance is still limited because the selection time per character approaches a practical limit. This challenge is
particularly encountered in EEGCSs, as methods based on Pinyin [31-33] or strokes [34-36] require multiple se-
lections to input a single character; consequently, the efficiency of semantic expression further decreases. Text
generation techniques [37-39] can reduce the number of selections required for semantic expression, thus providing
an effective approach to further improve the CS of reactive BCI spellers. Based on input data (e.g., sequences
or keywords), text generation, which is commonly known as natural language generation, produces coherent and
readable text in human language [40]. In previous studies, methods that integrate traditional language models (e.g.,
n-gram) into BCI systems have been investigated to optimize performance [41,42]. However, the limitations of such
language models in handling and understanding context impede the improvement in communication performance.
Recently, pre-trained large language models (LLMs), such as GPT series [43] and BERT [44], have demonstrated
a remarkable performance in natural language processing, particularly in understanding and predicting user inten-
tions. By integrating LLMs into BCI systems, the powerful language comprehension and generation capabilities of
LLMs can be exploited to understand the context of users’ historical inputs and predict subsequent text [45,46]; as
a result, the users’ input load can be reduced, and the spelling efficiency can be improved.

Overall, the practical application of a BCI speller is limited by three interconnected challenges: enabling asyn-
chronous control, high-performance decoding, and efficient semantic expression. Although the above-mentioned
solutions have been largely investigated, they were developed in isolation. A hybrid ET system cannot overcome
the limitation of multistep input inefficiency, and an LLM-powered speller struggles with low decoding accuracy
and usability without employing a robust, asynchronous BCI front end. Furthermore, the integration of LLMs
into BCI spellers remains in a preliminary stage [45-47], lacking practical system implementation and empirical
evaluation, especially for inputting Chinese characters. These problems highlight the significant potential of an
integrated framework and corresponding methodological improvements to overcome them.

In this study, we propose a novel hybrid BCI speller for inputting Chinese characters. The proposed speller is
based on the P300 system for better user comfort. We effectively combined ET with LLMs to overcome the inherent
limitations of the P300 system in practical applications. The proposed system improves traditional methods in two
key aspects. (i) A novel dual-purpose integration of ET is introduced to improve both system usability and decoding
robustness. ET data not only enable implicit, self-paced asynchronous control, but more importantly, they serve as
a robust secondary modality in the proposed joint decoding framework without imposing additional cognitive load.
Gaussian kernel density estimation (KDE) is employed to flatten the data distribution, ensuring system reliability,
even under non-ideal conditions. This approach makes the proposed joint decoder robust, preventing significant
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Figure 1 (Color online) Block diagram of the methodological framework developed in this study: data collection, asynchronous control, word
prediction using LLMs, and a joint decoding strategy for combining EEG with ET data (ET: eye tracking, PEFT: parameter-efficient fine-tuning).

performance degradation caused by systemic errors, such as those arising from head posture. (ii) The BLOOM LLM
is integrated into the proposed hybrid system to further improve the efficiency of inputting Chinese characters. By
fine-tuning this LLM for the Chinese language and incorporating it into our speller, the input efficiency of the system
was significantly improved (p < 0.001) by predicting associative words. Our study delivers the first implementation
of such a holistic BCI framework, addressing the challenging tradeoffs of user comfort, stability, and high-speed
communication in real-world applications.

2 Materials and methods

This section presents the methodology, detailing the implementation of the asynchronous Chinese spelling system
optimized with eye tracking and LLM. Figure 1 illustrates the overview of the methodological framework developed
in this study.

2.1 Data acquisition

The study involved ten healthy participants (eight males and two females), aged between 22 and 25, noted as
S1-S10. Each participant possessed normal or corrected-to-normal vision and reported no history of neurological
or psychiatric conditions. Prior to the experiment, all participants were informed of the experiment’s content and
agreed to participate. The tasks to be completed during the experiment were also clearly explained to participants.
Upon the completion of the experiment, participants were remunerated for their participation. This study was
approved by the Ethics Committee of the Xiangya Hospital of Central South University. The protocol number is
2021111249.

EEG data were acquired using the actiCHamp Plus EEG analyzer at a sampling rate of 500 Hz. During data
collection, a notch filter at 50 Hz was applied to eliminate power frequency interference. Raw EEG signals were
band-pass filtered between 0.05 and 40 Hz to remove low-frequency drifts and high-frequency noise. Following the
international 10-20 system, eight wet active electrode channels (Fz, Cz, Pz, Oz, PO3, PO4, P3, and P4) were
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Figure 2 (Color online) Interactive workflow of our asynchronous system with LLM suggestions. Green cross icon: flash stimulus.

employed. The ground electrode was placed at the AFz position, while the reference electrode was positioned at
the left mastoid. Finally, the experiment began after ensuring that the impedance was reduced below 15 kf).

In parallel, eye movement data were recorded using Tobii Nano eye tracker at 60 Hz. This device operates on the
principle of video-based eye-tracking, which uses an infrared camera to capture images of the eye, and computer
vision algorithms calculate the precise gaze position based on the pupil center and corneal reflection. This device
can accurately capture the user’s real time gaze position on the screen, providing an additional modality that
complements the EEG signals.

2.2 Chinese BCI speller with asynchronous startup

The asynchronous Chinese BCI speller was implemented by combining eye tracking data with P300 signals within
a reactive BCI framework. This approach aimed to enhance the efficiency and accuracy of Chinese character input.
Figure 2 shows the workflow of our LLM-based BCI speller.

The speller’s user interface (UI) utilized a 5 x 6 matrix layout, where each cell contained a Chinese character
or phonetic symbol. To maintain consistency and minimize user adaptation costs throughout the spelling process,
the first five columns (5 x 5) were dedicated to three-stage Pinyin-based input, and the sixth column (5 x 1) was
reserved for presenting LLM suggestions. The input process within the 5 x 5 area was as follows. First, the initial
consonant interface was displayed, containing all Pinyin initial consonants and the vowels a, o, e, along with a
“DEL” key for deleting previous input. After an initial was selected, the system dynamically displayed only the
valid vowels that could be paired with the selected initial consonant. Upon completion of a full Pinyin, the interface
presented the corresponding Chinese characters. If the number of valid vowels or Chinese characters exceeded the
available space, navigation keys (“<” and “>") allowed navigation between pages. Once a character was selected,
the LLM provided predictive suggestions based on the context, which were displayed in the reserved sixth column.
The system followed the row-column P300 stimulus paradigm [48]. In this paradigm, rows and columns of the
matrix were flashed randomly. When the stimulus at the target position was flashed, it elicited a P300 response in
the user’s EEG signal.

Asynchronous control was achieved by applying a gaze position buffer. A thread was initiated to detect the user’s
gaze state. When the distance between the current eye tracking sample point and the previous one was less than
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Table 1 Hyperparameter settings in supervised fine-tuning with LoRA.

Hyperparameter Value
Learning rate 5x 1074
Batchsize 128
Optimizer AdamW
Epochs 10
LoRA: a 32

LoRA: rank 8
Dropout rate 0.1

the threshold, the current gaze position was added to the buffer; otherwise, the buffer was cleared. Consequently,
the spelling process was initiated only when the buffer was full; otherwise, the system remained suspended. After
a target was selected, the buffer was automatically cleared to prepare for the next selection, which allowed for
consecutive input. This approach allowed users to interact with the speller at their own pace.

2.3 LLM-based word prediction

In this study, we utilized the BLOOM 1.7 B pre-trained model [49] for word prediction, which comprises 1.7 billion
parameters. This model employs an autoregressive architecture, similar to GPT-3, and has been pre-trained on a
large corpus to learn general language representations. The training dataset includes 46 different natural languages
and 13 programming languages, with approximately 18.3% of the data being in Chinese. This makes the model
particularly suitable for optimizing the Chinese BCI spelling system. Therefore, fine-tuning was performed on the
pre-trained BLOOM model to enhance its performance in application scenarios (e.g., Chinese daily conversations).
The fine-tuning dataset was derived from the LCCC Chinese dialogue corpus [50], comprising approximately 6.8
million rounds of Chinese dialogues.

During the fine-tuning process, we utilized the low-rank adaptation (LoRA) [51] for parameter-efficient fine-
tuning, which freezes the pre-trained model weights and injects trainable low-rank matrices into each layer of
the Transformer architecture, significantly reducing the number of trainable parameters. This PEFT method was
chosen not only because full parameter fine-tuning was computationally prohibitive for a model of this scale, but
also because it effectively adapts the model to our dialogue corpus with a minimal number of trainable parameters
[62]. The fine-tuning process was conducted on 8 x NVIDIA RTX4090 24 GB GPUs with mixed-precision training,
requiring approximately 39 h to complete. The fine-tuning hyperparameters are detailed in Table 1.

Given the spelled Chinese text C, tokenization was performed using the BLOOM tokenizer’s byte-level byte-pair
encoding (BPE) algorithm [53], which employed a 250680-token vocabulary specifically optimized for multilingual
processing. The vectorized token sequence s = s1s3--- s, was then mapped through the pre-trained embedding
layer, preserving positional information through absolute positional embeddings.

v; = Embedding(s;) = v} + o7, (1)

where v! is the word vector of s; and v is the position vector.
Finally, the output from the last transformer layer was passed to the linear and softmax layers to generate the
probability distribution of each token.

P(sils1 - s5-1) = Softmax(W" hy™ + ™), @
(L)

where WO is the weight matrix of the output layer, h; "’ is the final output of the transformer layer, and b°"* is

the bias of the output layer.
2.4 Joint decoder integrating EEG and eye tracking data
2.4.1 FEEG decoder

The raw EEG signals were first processed using a causal moving average filter with a window size of 5 samples to
preserve temporal causality. The filtered signals were then downsampled by a factor of 10 to 50 Hz using a polyphase
antialiasing filter. Feature extraction was performed through principal component analysis (PCA), retaining 150
components.

For P300 classification, three established methods available in scikit-learn were implemented. (i) Linear discrim-
inant analysis (LDA) with singular value decomposition solver. (ii) Support vector machine (SVM) with linear
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Figure 3 (Color online) ET decoding confidence calculation based on flatten Gaussian kernel probability density function.

kernel. (iii) Stepwise linear discriminant analysis (SWLDA) using a forward/backward selection threshold of p =
0.1/0.15.

The discriminant function D(-) of these classifiers can be uniformly defined as a linear combination of the n
selected features (SVM/LDA: n = 150; SWLDA: n <150)

x) =wo + Z Wi Ty, (3)
i=1

where wq is the bias term, w; are the weights, and z; are the selected features. Based on the parameters derived
from the trained discriminant function, the confidence scores for each row i and column j in each spelling trial can
be calculated as BEES (i) and BEEC (4) respectively.

BEEG ;) ZD( )1fl—z (4)

where (") denotes the EEG epoch corresponding to the flashing of the I-th row.

2.4.2  Eye tracking decoder

For participants with normal visual function, when attention is focused on a fixed target, the gaze points data
show low variance characteristics (02 < 0.05, 03 < 0.05). The distribution ratio of the gaze points in each row and
column area can be calculated as N
Nrowi ’ Pcolj _ col; : (5)
Ntotal Ntotal

where Nyow, and Neol; represent the number of valid gaze points in the i-th row and j-th column areas, respectively,
and Niota represents the total number of sampling points in a single selection period.

A baseline approach is to use this ratio directly as the confidence score. However, this method is highly susceptible
to systemic bias. For example, if the user’s posture changes, it could cause a relative positional change with the
eye tracker without the user’s awareness, leading to a shift in the collected gaze point coordinates. When this shift
exceeds the character cell’s region, the baseline method could result in error outputs, causing catastrophic reductions
in accuracy. Even in hybrid systems, when the target remains unchanged, the spike distribution of the eye tracking
data causes the joint decoder to overly trust the biased eye tracking data, which degrades the performance of the
joint decoder.

To address this, we proposed a confidence calculation method based on Gaussian KDE. This approach was
specifically chosen to enhance stability by making the confidence score less sensitive to the precise coordinates of
gaze points and more robust against potential systemic bias. Figure 3 shows the confidence calculation approach
of the eye tracking decoder. Probability density functions (PDFs) were constructed in both horizontal and vertical

directions. For the z-direction
1 «— T —x;
= K 6
RS (52). 6)

K(z) = \/1_exp< f) (7)

Prowi -
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where K (-) represents the Gaussian kernel function, h, is the bandwidth parameter in the z-direction, and n
represents the number of valid gaze points. Similarly, for the y-direction, we have f (y). By adjusting the bandwidth
parameter h, the data distribution was flattened, and the final confidence score was obtained through the integral
of the probability density function

zi+A/2 R

B = [ @ 0
yi+A/2

BEL(j) = / L, fww (9)
Yi—

where A represents the width of the character cell, Bi1 (i) and BEL (j) represent the confidence scores for the i-th
row and j-th column, respectively. f(z) and f(y) denote the probability density functions in the z and y directions.

2.4.3 Joint decoder

To enhance decoding accuracy, a joint strategy integrating EEG and eye tracking data was implemented. The
confidence scores from the EEG-based and eye tracking-based were weighted and averaged to produce a fused
confidence score for each row and column

Bigw™ (i) = o+ Broy (i) + B+ Bioy, (i), (10)
B (j) = o Begi®(5) + B+ Bri (7) (11)

where « and [ are weighting factors determined by the reliability of each modality. We referenced an improved
method [54] to determine the weights of two decoders

a B
acc;  accy’ (12)
a+p =1,

where acc; and acce denote the decoding accuracy using single EEG data and single eye tracking data collected
from the offline session, respectively. The row and column with the highest fused confidence scores were selected as
the target.

2.5 Experimental procedure

In this study, participants were instructed to engage in a series of experiments designed to evaluate the proposed
asynchronous Chinese speller. The experimental procedure was divided into an offline training session, an online
testing session, a copy spelling session and a free spelling session. Figure 4 illustrates the experimental procedure.

The offline training session comprised three runs, each consisting of 15 blocks with 8 trials per block. During the
experiment, participants were instructed to focus their attention on the highlighted target and covertly count the
number of times the target stimuli appeared. After the completion of the training session, the data acquired from
the three runs will undergo offline analysis. Three different classifiers were used to calculate the information transfer
rate corresponding to each trial. Ultimately, the trial number and classifier combination yielding the highest ITR
was selected as the hyperparameter for online decoding. Short breaks of 5-10 min were provided between runs to
avoid fatigue. After that, the online testing session was implemented to evaluate the online performance of the
speller in real-time with the best hyperparameters obtained through offline analysis.

Following this, the copy and free spelling session were conducted to investigate the improvements brought by
integrating BLOOM into the system, compared with that based on word frequency. To ensure a fair comparison,
the dataset for word frequency-based method was derived from the same LCCC dataset used for fine-tuning the
LLM. For this method, word-level segmentations were first performed on the corpus with the jieba library, after
which we filtered the results to retain only meaningful words composed of two or more Chinese characters. Finally,
the frequencies of these words were calculated to construct a predictive model based on Bigram probabilities. This
model provided suggestions by identifying the most probable words to follow the user’s previously entered content.
Participants were not prompted with a target to focus on, and they needed to accomplish the tasks with their
own cognitive resources. In the copy spelling session, participants were randomly assigned with a short sentence
containing 12-20 Chinese characters (from our fine-tuning test dataset) in each run and were required to spell the
sentence in its entirety. During the free spelling session, longer sentences containing 30-60 words, which provided
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Figure 4 (Color online) Experimental procedure in this study. Method 1: optimization based on word frequency; Method 2: optimization
based on LLM; Trial: consisting of 11 flashes (5 rows and 6 columns) to stimulate ERP responses; Block: consisting of n trials, and each block
outputs a selection.

richer contextual information, were selected for the participants to spell. This allowed a more flexible way to convey
the target semantics, since the result may not be as same as the target sentence. The participants could press the
space key to end the spelling when they deemed the spelled content adequately represented the intended semantics.

2.6 Performance evaluation metrics

2.6.1 Information transfer rate

In our study, the information transfer rate [55] was introduced to assess the communication rate of our BCI system
in the offline training and online testing sessions. It simultaneously considers the number of selectable targets IV,
the target recognition accuracy P, and the time T for single target selection. Raw bitrate for a single target selection
is first calculated
(1-P)
B =1logy N 4+ Plogy P+ (1 — P)log, | ———% | » (13)
(N 1)
where B is measured in bits per selection. Furthermore, the value of ITR represents the amount of information

output by the system per minute.

60
ITR:B-(?), T =ty +t, (14)

where ts denotes the stimulation time per selection and ¢, denotes the inter-selection pause time.

2.6.2 Semantic textual similarity (STS)

In the free spelling session, participants were not required to ensure that their spelled content exactly matched
the target sentence. This necessitated the introduction of a method to evaluate the semantic similarity between
the participants’ spelled sentences and the target sentences. Therefore, this study employed the Sentence-BERT
(SBERT) [56] model and cosine similarity to assess STS. This method aimed to quantify the accuracy of the BCI
system in conveying semantics when optimized by different associative input methods, and further quantified the
practical effectiveness of the BCI system.

Given two sentences S7 and Sy, we firstly encoded them into high-dimensional vector representations using the
SBERT model in semantic space. Let f denote the SBERT encoding function; then the vector representations of
the sentences are

v = f(S1), wv2 = f(52), (15)

where v; and vy are the vector representations of sentences S7 and Sy, respectively. Then, cosine similarity was
used to measure the similarity between the two vectors.

cosine_similarity(vq, va) = m , (16)
vz

where vy - v2 denotes the dot product of the vectors, and || - || denotes the norms of the vector.
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2.6.3 Communication efficiency metrics

During the free spelling session, this study also calculated each participant’s communication speed (CS), total
number of spellings (TS), and the associative words usage rate (AUR). These metrics were used to evaluate the
performance of the system in practical application scenarios.

N, - 60
cs=—"~-— 17
Tan (a7

Nﬂ-SSO.
AUR = TS (18)

where N, represents the total number of Chinese characters spelled, N,sso. and TS represent the suggested word
usage times and the total number of selections, respectively. T, denotes the total time spent completing the task
for this run.

3 Results

3.1 Event-related potential (ERP) analysis

As illustrated in Figure 5(a), the grand average ERP responses to target and non-target stimuli across all sub-
jects were presented for each channel. Under target stimuli, the EEG signal exhibited a slight decline around
200 ms (N200), followed by a significant positive amplitude peak between 300 and 400 ms. In contrast, the non-
target stimuli elicited relatively stable EEG activity with no significant amplitude fluctuations. Notably, the ERP
amplitudes recorded at the Fz, PO3, and PO4 channels were lower compared to those in other channels.

Figure 5(b) shows the t-value heatmap obtained from t-tests comparing grand-averaged target and non-target
EEG epochs, where blue represents negative and red represents positive differences. Significant differences in ERP
responses were primarily observed in the 300-400 ms range, with a significance level of p = 0.01. This spatiotemporal
dynamic was further illustrated through six-phase topographic maps shown in Figure 5(c). In the early stage (50—
150 ms), ERP responses exhibited low amplitudes, indicating a resting-state pattern. Between 150 and 250 ms, a
slight decrease in ERP activity appeared in the occipital region. During 250-350 ms, a positive, higher amplitude
ERP response emerged in the occipital lobe and showed a propagation trend toward the parietal region. Finally,
between 350 and 450 ms, a robust P300 response was elicited in the parietal lobe, which subsequently returned to
baseline.

3.2 Target decoding results

Figure 6 shows the variations in accuracy and ITR of the BCI system under different numbers of trials per block
during the offline training session, using three classifiers (SWLDA, LDA, and SVM) for EEG decoding. For all
participants, the decoding accuracy showed an overall upward trend as the number of trials per block increased.
Notably, participant S1, who had prior experience with similar experiments, achieved approximately 90% decoding
accuracy under a single trial. The ITRs of most participants exhibited a trend of initially increasing and then
decreasing, with the peak typically occurring at two or three trials. When eye tracking data were incorporated, the
fusion decoding accuracy remained consistently high (>95%) even with only one trial. This result indicates that
the joint decoding strategy further enhanced both the efficiency and stability of the hybrid speller. In subsequent
sessions, the optimal trial number and classifier type for each participant were utilized as hyperparameters in
the hybrid speller to maximize the ITR. During the online testing session, participants were instructed to spell 30
random targets using the hybrid system. On average, the joint decoding strategy achieved a 37.19% higher decoding
accuracy compared with EEG-only decoding, and an ITR that was 49.43 bits/min greater.

3.3 Sentences spelling without target prompt

We subsequently conducted two sentences spelling sessions to evaluate the performance of our hybrid BCI speller
in a realistic application scenario. Table 2 summarizes the TS, CS, and AUR for participants (S1-S10) in the copy
spelling session. Table 3 presents the CS, AUR and STS results from the free spelling session.

In the copy spelling session, the results in Table 2 indicate that the LLM-based optimization of the Chinese BCI
speller significantly reduced the TS required to spell short sentences by an average of 18.8 selections (paired t-test,
p < 0.005) and increased the CS by an average of 1.054 sinograms/min (paired t-test, p < 0.005). Moreover, the
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Figure 5 (Color online) ERP analysis in this study. (a) The grand average ERPs over 8 electrodes for each channel across all subjects S1-S10;
(b) the t-test values of ERPs during 0-800 ms for 8 channels; (¢) the topographical maps of EEG epochs under target stimuli across six different
time periods.

Table 2 The TS, CS, and AUR for different subjects in the copy spelling session. Bold values indicate the highest average performance. Paired
t-test, NS: not significant; *: p < 0.05; **: p < 0.01; ***: p < 0.005; ****: p < 0.001.

Subject Words-frequency-based LLM-based
TS Cs AUR (%) TSC#*) cs**) AURC™ (%)
Subject1 107 3.01 12.34 92 3.77 16.22
Subject2 110 2.91 10.97 106 3.09 13.17
Subject3 112 2.85 13.63 99 3.31 18.38
Subject4 43 2.03 7.32 27 3.26 22.22
Subjectb 115 2.77 10.43 89 3.87 15.79
Subject6 119 2.69 10.00 93 3.71 18.04
Subject7 82 2.77 12.33 38 3.66 31.58
Subject8 80 2.83 6.59 59 3.64 20.94
Subject9 76 2.86 14.31 7 3.64 16.75
Subject10 79 2.85 10.00 59 3.66 18.84
Average 92.3 2.757 11.19 73.5 3.811 18.49

Std. +22.97 +0.26 +2.54 +25.27 +0.80 +5.29
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Figure 6 (Color online) Accuracy and ITR changes with trials per block (1-8) across 9 subjects (S10 ET data missing in training session),
utilizing three different classifiers (SWLDA, LDA, and SVM). Solid line indicates accuracy, dashed line indicates ITR.

Table 3 The CS, AUR, and STS for different subjects in the free spelling session. Bold values indicate the highest average performance.
Paired t-test, NS: not significant; *: p < 0.05; **: p < 0.01; ***: p < 0.005; ****: p < 0.001.

Subject Words-frequency-based LLM-based
Cs AUR (%) STS (%) as =) AURG***) (%) STSNS) (%)

Subject1 2.134 10.00 89.95 5.965 51.40 90.14
Subject2 3.302 12.50 96.43 4.920 30.61 95.01
Subject3 3.556 17.39 93.73 4.448 25.00 92.25
Subject4 2.898 12.96 92.71 6.733 48.65 95.74
Subject5 3.017 18.18 98.61 6.875 50.00 96.39
Subject6 2.886 7.25 97.24 5.105 43.48 99.00
Subject7 3.112 15.63 95.48 5.293 35.90 91.50
Subject8 3.309 15.84 98.32 5.911 42.25 95.73
Subject9 2.844 10.43 96.11 7.005 53.85 97.84
Subject10 3.337 19.39 96.05 5.880 38.67 96.58
Average 3.039 13.96 95.46 5.813 41.98 95.02

Std. +0.375 +3.76 +2.53 +0.829 +8.98 +2.70

LLM-based word prediction improved the AUR by 7.3% compared with the frequency-based method (paired t-test,
p < 0.01), suggesting that the integration of LLMs significantly accelerated Chinese sentence spelling.

As shown in Table 3, during the free spelling session, the LLM-based optimization significantly improved the CS
by 2.774 sinograms/min (paired t-test, p < 0.001) and increased the AUR from 13.96% to 41.98% (paired t-test,
p < 0.001). These findings demonstrated that the LLM-based optimization method achieved better words prediction
during long sentence spelling, thereby enabling faster and more coherent semantic expression. In addition, the
semantic cosine similarity between the spelled content and the target sentences was compared across both methods.
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Both approaches achieved high STS exceeding 95%, with the LLM-based method attaining an average semantic
similarity of 95.02% to the target sentences. No significant difference was observed between the two methods (paired
t-test, p > 0.05), indicating that both produced semantically consistent sentence outputs.

4 Discussion

In Subsection 3.1, we analyzed the differences in the spatiotemporal dynamic changes of the EEG signals under
target and non-target stimuli to investigate (to a certain extent) the interpretability of EEG decoding. We then
analyzed the offline data to compare the performance achieved by the proposed joint decoding strategy with that
obtained using EEG alone. In the sentence spelling experiments, we assessed the performance of the proposed LLM-
based BCI speller in short and long sentence tasks, respectively. In this section, we further discuss the findings to
demonstrate the advantages of the proposed speller.

4.1 Interaction between EEG and eye tracking

Firstly, asynchronous control was achieved by employing a gaze position buffer. Typically, low variance in the ET
data activates the system, whereas a high variance deactivates it. This mechanism ensures that the system responds
quickly when the user intends to interact; in contrast, the system remains inactive when there is no clear intent,
thus preventing false activations.

A key challenge in ET-based interaction interfaces is the Midas Touch problem [57], where the system struggles
to distinguish between simply looking at an interface element and an intentional action. This often leads to the
accidental triggering of commands not intended by the user. In the proposed asynchronous hybrid BCI speller,
which is based on the P300 paradigm, the dwell time required for target selection is determined automatically. The
ET and EEG data are collected synchronously without setting a separate time window for the ET decoder, thereby
mitigating the Midas Touch problem to some extent.

The integration of the ET data into the BCI system introduces a new data modality without increasing the
cognitive load. As a result, the combined advantages of BCI and the ET data improve the decoding efficiency. In
the offline training and online testing sessions, incorporating ET data significantly improved (p < 0.001) the decoding
accuracy of the spelling system. When only EEG data were used for decoding, the ITR for the participants during
the offline experiment initially increased and then decreased with the number of trials. In contrast, by employing
ET data, the ITR for the participants was maximized at trial number 1, corresponding to an improvement of
49.43 bits/min compared with the EEG-only spelling system during the online testing session. This indicates that
the incorporation of ET data improves the spelling speed; thus, the issue of low decoding accuracy in the traditional
P300 system is partially addressed during single-trial decoding.

Despite the overall improvement, no significant differences were found between the results of the joint and the
ET-only decoder (p > 0.05) under ideal calibration conditions; both decoders exhibited high accuracy and ITR.
This finding can be attributed to the low variance of the ET coordinates collected from healthy participants after
calibration. The spatial distribution of the ET data, modeled using the flattened KDE, produces stable and accurate
decoding outcomes. Therefore, the joint decoder has limited potential for further accuracy enhancement under ideal
conditions.

Next, we conducted a bias injection experiment to further investigate whether the joint decoding method could
simultaneously exploit the spatiotemporal complementarity of EEG and eye movement data, rather than just
the eye movement data playing a role. During the selection process, a fixed offset (bias”,bias’) was applied to
all ET sampling points. The bias term indicates the potential systematic bias risk of video-based eye movement
data [30]. The offset in each selection was kept constant across three parameter gradients (0.25A, 0.5A, and 0.75A),
representing a slight impact, a critical impact, and a complete ET decoder failure, respectively. The fusion weights
were calculated using unbiased ET data.

Figure 7 shows that when bias®/¥ = 0.25A, the performance of the decoder on the ET-only data did not decrease
significantly; additionally, the performance of the hybrid decoder was relatively high. However, when the bias
increased to 0.5A, the ET-data decoding accuracy dropped significantly to 51.43%. In the joint decoding strategy,
the accuracies improved by 8.62% and 18.01% (paired t-test, both p < 0.001) relative to single-modality data. Even
in the extreme case of almost complete failure (bias®™? = 0.75A), the joint decoder improved the decoding accuracy
to a certain extent (paired t-test, p < 0.05) compared with the EEG-only decoder. The above results demonstrate
that the proposed joint decoding strategy effectively leverages the combined characteristics of the EEG and ET
data to improve the decoding performance. Additionally, it exhibits a certain tolerance compared with the sharp
performance decrease regarding the single-modal data, indicating the stability of the proposed system. Moreover,
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Figure 7 (Color online) Bias injection experimental results (paired t-test, NS: not significant, *: p < 0.05, **: p < 0.01, ***: p < 0.005, ****:
p < 0.001).

the fusion mechanism provides interpretability. For instance, when the EEG decoder fails to discriminate between
the first and fifth rows, the spatial distribution of the gaze points supplies additional information to improve the
decoding accuracy.

4.2 A deeper insight into the weighting mechanism of the KDE-based fusion

In our method, a data-driven adaptive weight mechanism was adopted to determine the weights based on the actual
performance of different modal data in the calibration phase. The rationale of this approach appears intuitive: the
modality with the higher reliability should justifiably be assigned greater confidence. However, we empirically inves-
tigated whether our adaptive weights functioned optimally or at least contributed significantly to the performance
of our hybrid system. Contrary to expectations, our findings indicated that this was not the case.

Based on the bias injection experiment described in Subsection 4.1 (biasm/ Y = 0.5A), where the hybrid system
demonstrated a significant (paired t-test, p < 0.001) improvement over single-modal systems, we further investigated
its performance under different weighting strategies. In addition to the system’s original adaptive weighting strategy,
we introduced five distinct fixed-weighting schemes; these are: pure-ET (o = 0), super heavy-ET (o = 0.1), heavy-
ET (« = 0.25), balanced (« = 0.5), and heavy-EEG (a = 0.75). These schemes were compared against the adaptive
scheme (a = 0.370 £ 0.073). We then conducted experiments to evaluate the system’s performance under each
weighting scheme. The results were presented in Figure 8.

We observed that the overall system performance initially improves rapidly; then, it deteriorated as the weight
of the EEG data increases. Notably, all hybrid systems incorporating EEG data consistently outperformed the
ET-only system. This observation reconfirmed the conclusion made in Subsection 4.1. As the EEG-related weight
increased, the system performance was maximized at 73.33% + 15.73% under the heavy-ET weighting scheme.
Beyond this point, the performance gradually decreased, approaching that of the pure-EEG system, as shown in
Figure 7. When o = 0.75, the performance of the hybrid system did not significantly differ from that of the
pure-EEG system, indicating that the weighting mechanism assigned a value close to 1 to the EEG modality. In
contrast, the performances of both the heavy-ET and super heavy-ET configurations surpassed that of the adaptive
scheme; additionally, the mean error and variance decreased. These findings indicate that our data-driven weighting
mechanism is suboptimal and fails to achieve the intended optimization.

The key finding of our weighting analysis is that the system optimality is achieved at a remarkably low EEG
weight (a = 0.1/0.25), indicating that our intuitive, data-driven adaptive weighting scheme is, in fact, suboptimal.
This counterintuitive observation can be attributed to the flattened KDE-based method, which transforms the
ET data into a low-amplitude, high-bandwidth distribution, thereby increasing their sensitivity to the integrated
EEG data. Consequently, an EEG weight that appears small can be sufficient to push the system beyond its
optimal point. This indicates that our adaptive method is not fundamentally flawed; instead, it requires targeted
modification. For example, the EEG component can be artificially downweighed during the weight estimation to
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Figure 8 (Color online) Hybrid system performance under different weight schemes (bias®/¥ = 0.5A).

better suit the KDE-based fusion framework.

From a broader perspective, the asymmetrical and nonlinear performance of our system curve leads to a new
research direction. Owur findings indicate that the design of the optimal weighting mechanism for such hybrid
systems should be based on the intrinsic properties of the processed data modalities, instead of being modeled as
a simple linear relationship with performance metrics such as accuracy. Additionally, a deeper investigation of the
nonlinear relationship in the weight-performance curve could provide valuable insights for the future optimization
of the proposed hybrid system.

4.3 Optimization using LLMs

In this study, we also investigated the effect of the LLM-based prediction methods on the optimization of the
Chinese hybrid BCI speller.

The results from the copy and free spelling sessions demonstrated that the LLM-based optimizations significantly
improved the CS of the BCI speller (paired t-test, p < 0.005 and p < 0.001). In the copy spelling session, the
average CS increased from 2.757 to 3.811 sinograms,/min, indicating a 38.2% improvement in the CS. But compared
with the free spelling session (from 3.039 to 5.813 sinograms/min in CS and from 13.96% to 41.98% in AUR),
it demonstrated a slight increase. This indicates that using sufficient contextual information allows the LLM to
better capture semantic relationships, thereby leading to improved word prediction performance and overall spelling
efficiency. Our eLLM-BCI speller exhibited prominent performance among the current Chinese BCI spelling systems
by achieving a communication speed of 5.813 sinograms/min. According to the Pinyin-based Chinese character
encoding scheme, this was equivalent to 3.43 s to output a correct choice. Furthermore, during the free spelling
session, the average STS exceeded 95% in both methods, showing no significant difference (paired t-test, p > 0.05).
This indicates that the LLM-optimized BCI speller is not only faster than other spellers but also semantically
accurate and relevant. This improvement is crucial for practical applications, as it ensures faster and more accurate
input.

4.4 Limitations and future work

Our method exhibits some limitations and areas for improvement.

The primary objective of this study was to optimize the reactive BCI speller by combining ET data and LLMs.
Therefore, the EEG decoder was not further optimized. The current EEG decoder is essentially a linear classifier
based on the P300 detection, and its preprocessing steps are based on traditional baseline methods. In future work,
more advanced classifiers such as the EEG-inception or improved preprocessing filters should be investigated to
improve the accuracy of the EEG-only decoding, particularly for single-trial classification. Combining the above
with our spatial distribution processing method for ET data could result in a more efficient BCI speller.
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In this study, user comfort was prioritized by selecting a P300-based BCI system over other mainstream paradigms.
Although this choice is critical for our target users (i.e., Chinese ALS patients), SSVEP-based systems could further
improve ITR, especially in wider groups (such as healthy individuals with a greater tolerance for visual fatigue).
Therefore, a promising future research direction is to integrate our framework into SSVEP-based spellers, potentially
achieving high-speed performance with enhanced usability.

Additionally, constrained by the available computing resource, we simply conducted fine-tuning on the Big Science
BLOOM model with 1.7B parameters, which is not competitive compared to the current large language models with
tens of billions of parameters. Employing more advanced LLMs could further improve word prediction performance,
thereby optimizing our system.

5 Conclusion

We presented a novel hybrid BCI speller for inputting Chinese characters that integrates ET and LLMs into the
reactive BCI framework. Our approach improves traditional methods regarding the following aspects. (i) The ET
device enables asynchronous operation, thereby improving user autonomy and decreasing dependence on external
assistance. (ii) Combining ET data with EEG signals improves the decoding accuracy without increasing the
cognitive load. Additionally, using our KDE-based method for the ET data, the proposed speller exhibits robustness
against the sharp decreases in the performance of single-modal data. (iii) Our fine-tuned LLM significantly improves
the efficiency of Chinese semantic expression by predicting associative words. Overall, this study demonstrates the
effectiveness of combining eye tracking and LLMs to optimize Chinese BCI spelling systems, paving the way for
more efficient Chinese communication systems for individuals with severe motor impairments.
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