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Abstract. In this study, a P300 visual spelling system was presented using a novel method to input 
Chinese sinograms developed on a Hanyu Pinyin-based method. This method transcribes a Chinese 
pinyin into an initial consonant and vowel component according to its mandarin pronunciation. In this 
paradigm, each sinogram was input by selecting the initial consonant followed by the vowel 
components, and then by selection of the sinogram itself. Five healthy participants participated in the 
study and achieved an average offline accuracy of 90.2% and an average online input speed of one 
sinogram per 69 seconds. The experiment results make P300-BCIs accessible to individuals whose 
language has a logographic writing system. 

Introduction 

Brain-computer interfaces (BCIs) are communication and control pathways that directly translate 
brain activities into computer control signals, garnering a growing interest in recent decades [1, 2]. A 
prevalent form of BCIs is the P300 BCI, which uses non-invasive electroencephalography (EEG) to 
recognize the P300 response of an attended stimulus. The P300 is an event-related potential elicited 
by a rare or “oddball” target stimulus, and it is often recorded over the parietal cortex approximately 
300 ms after the presentation of the stimulus [3]. P300 BCI systems are mainly used as spelling 
devices because they are superior to other types of BCIs for this application [4]. 

P300 potential has been widely used in BCIs for spelling applications. The classic P300-based 
matrix speller, originally presented by Farwell and Donchin [5], allows a user to communicate one of 
the 36 symbols presented in a 6×6 matrix. Based on this classic paradigm, numerous adjustments to 
the speller have been proposed to improve the speed and accuracy of the P300 speller. Most of those 
previous BCI systems have mainly focused on languages that are written in alphabetic script, such as 
English and German [6-10]. However, Chinese hanzi (or sinograms) has more than 11,000 commonly 
used characters. Such languages with logographic writing systems pose a significant challenge to 
P300-BCI systems because only a handful of the thousands of distinct logograms in the writing 
system can be simultaneously presented to the user at any moment. A primary method for Chinese 
text input is based on Hanyu Pinyin [11], or Pinyin, employs the 26 letters of the Roman alphabet to 
represent the entire inventory of Putonghua pronunciation. In the current study, we developed a P300 
visual speller for sinograms input using Pinyin-based method. This was done by entering the 
sequence of letters that corresponds to its pronunciation. 

Materials and Methods 

Subjects. Five native Chinese speakers participated in this study (male, aged 23-27 years, with 
mean age and std 26.43±2.12 years). All of the subjects were able-bodied and without any known 
cognitive deficits. Three out of the five participants had previous BCI experience, and the other 
subject was complete novices. All participants provided written informed consent for the procedure 
after receiving a complete description of this study. 
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Data collection and signal processing. The P300 ERP was recorded using an EEG cap embedded 
with 5 electrodes covering Cz, Pz, P3, P4, and Oz (Fig. 1), which have previously been shown to 
contribute most to classification accuracy 24, based on the 64-channel modified international 10-20 
system. Each channel was referenced to the right mastoid with the forehead as the ground. The 
electrode impedance was maintained below 5 kΩ. The EEG signals were amplified using a BrainAmp 
DC Amplifier, and were digitized at 250 Hz, and filtered using a 50 Hz notch filter. The stimulus 
presentation, data collection, offline signal processing, and experimental procedures were conducted 
using the BCI2000 framework [12], which provides a Python interface for stimuluspresentation and a 
Matlab interface for signal processing. 

 
Fig. 1. Electrode set for recording and analysis. The head is viewed from above and the nose points 

to the top of the page. 
Experimental procedure. The subjects sat in an unshielded room, approximately 1 m in front of a 

22’’ LED monitor that displayed the experimental stimuli. The design and purpose of the speller were 
explained to each subject in detail, and a short familiarization session was performed prior to the 
initiation of the experiments. The experiment consisted of two parts: calibration followed by online 
testing, and each participant completed the experiment in three successive days. 

The experiment paradigm for the calibration experiments is shown in Figure 3A. Two of the ten 
flashes contain the target. Each subject participated in 3 sessions, and each session consisted of 10 
runs. In each run, one target character flashed for 8 trials, where one trial is defined as a complete 
cycle of flashes in which all of the rows and columns flash once. Each intensification was for 120 ms 
followed by an 80 ms interstimulus interval during which time no stimulus was intensified. For each 
intensification, an 800 ms segment of EEG data was extracted from each channel for use in the 
classification (see Figure 2 for details).  

 
Fig. 2. Time course of the flashes. 
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During the online testing experiment, the subject was required to input ten previously selected 
characters one by one based our Pinyin-based method. This was done by entering the sequence of 
letters that corresponds to its pronunciation. (see Figure 3 for details). There was a five minute break 
between each session to allow the participant to rest. The high-frequency sinograms were prior 
presented to assist the user to locate target more easily. PgUp (page up) and PgDn (page down) were 
designed to allow the participant to turn to the page where the expected target was located. 

Fig. 3. Illustration of the spelling procedure. Left: The stimulus paradigm after the initial letter was 
selected. Right: The stimulus paradigm after the last letter was inputted. 

Classification and evaluation. The presence or absence of the target P300 from the chosen EEG 
features is a binary classification problem. In this study, we used step-wise linear discriminant 
analysis (SWLDA [13]) to solve this classification problem [14, 15]. Calibration of the classifier 
coefficients was performed offline using the data collected in the calibration experiments. The 
performance of the speller was evaluated using all the data from both the calibration and the online 
experiments. During the calibration experiments, the classification accuracy was calculated as the 
percentage of characters that were correctly inputted, and the information transfer rate (ITR) was 
used to evaluate the BCI system. During the online experiment, we calculated the communication 
speed as the average time to input one sinogram. 

Results and conclusion 

Each subject participated three sessions of the calibration experiment, and each session consisted 
of 10 runs, with each run consisting of 8 trials. The offline classification accuracy and the ITR 
achieved when each participant used two trials per selection are illustrated in Table 1. 

During the online sinogram-input experiments, each participant was instructed to input ten 
sinograms. Table 1 shows the sinogram input performance obtained by each of participants at 2 trials 
per selection during online testing. When permitted to correct errors, the participants achieved a mean 
input speed of one sinogram per 69s. 

Table 1. The offline accuracy and online communication speed obtained by each subject. 

 
Participant 

Two trials per selection 

Offline accuracy ITR Online speed (times/per sinogram) 

S1 93.00% 40.44 65s 

S2 93.70% 41.83 64s 

S3 91.00% 38.28 68s 

S4 84.50% 34.27 78s 

S5 89.00% 36.16 70s 

Mean 90.20% 38.1 69s 
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