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Brain-computer interfaces are systems that control computers or external electronic devices 

by converting the electrical activity produced by the brain into device commands. One of 

the brain-computer interface types frequently used in the literature is the P300-based system. 

Research in this area aims to develop new paradigms to improve its performance. In this 

study, the amplitude and latency values of the P300 signals obtained from classical two-

dimensional row-column flashings and novel three-dimensional column flashing paradigms 

were compared in terms of both visual and numerical evaluations. Based on the obtained 

results, it is observed that the amplitude of the P300 signal captured using the three-

dimensional column flashing paradigm increased while the corresponding latency 

decreased. The most significant amplitude improvement between the two paradigms was 

obtained on the P8 channel with 1.47 V. Based on the average values over all individuals 

and channels, it was also observed that the proposed paradigm provides a 15.94% amplitude 

increase and a -1.22% latency decrease value. In other words, higher P300 amplitude and 

lower latency values were obtained using the developed/novel/proposed/3D paradigm. 

These obtained results are significant since low P300 amplitude and high latency values are 

related to complex tasks in the literature. From this point of view, it was concluded that the 

newly developed paradigm was perceived as an easy-to-use and efficient procedure by the 

participants. Therefore, it provided high performance in terms of classification accuracy. 
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1. INTRODUCTION

Brain-computer interface (BCI) is a system that converts 

electroencephalography (EEG) signals into computer 

commands to communicate between the human brain and a 

computer or other external devices. In this manner, a computer 

can be controlled using EEG signals, just like a computer 

mouse or keyboard. Brain-computer interface is a system that 

links the brain to various electronic devices, including 

computers, wheelchairs and robotic arms, without using the 

peripheral neural system and muscles. BCI speller has a vital 

role for patients with diseases such as amyotrophic lateral 

sclerosis, brainstem stroke, or traumatic brain injury since they 

have lost the ability to communicate due to loss of muscle 

control. Hence, such individuals require personal care 

assistance or a caretaker and must express their daily living 

activities to them. BCI systems enable such patients to 

communicate their needs to their relatives [1-6]. In the 

literature, there are generally three main approaches utilizing 

features obtained from EEG signals use of motor images [7-

10], event-related P300 potentials [11-13], and steady-state 

visually evoked potentials [14-16]. Of these, event-related 

P300 potential is frequently preferred in EEG-based BCI 

systems as they occur in a short time, are not impaired by eye 

movement artifacts, and these systems do not require a pre-

training phase. Using the P300 components, therefore, high-

performance BCI systems can be obtained in terms of 

classification accuracy (CA) and information transfer rate. 

Based on P300 potentials, many applications have been 

developed to control external devices, from computer mouse 

[17], robotic arms [18], and wheelchairs [19] to spelling [20], 

games [21], and even security [22]. Among these, the BCI 

speller is vital for individuals with diseases such as 

amyotrophic lateral sclerosis, brainstem stroke, or traumatic 

brain injury who lose their ability to communicate due to loss 

of muscle control. These people need personal care assistance 

to perform their daily living activities. The P300 speller is one 

of the most promising and vital BCI applications. It enables 

such patients to communicate with their environment by 

selecting letters or other characters on a computer screen 

without muscle activity by employing the P300 event-related 

potential [23]. It typically uses the classic two-dimensional 

row-column paradigm (2D-RC), in which letters and other 

characters are displayed in a matrix that simulates a keyboard. 

Here the rows and columns flash randomly while the user 

focuses on the desired letter or character, also referred to as a 

target. Interestingly, whenever the user notices the desired 

flashing letter or character, the subject’s brain has a positive 

electrical response which occurs approximately 300 

milliseconds (ms) following the onset of flashing [24, 25]. 

This signal is referred to as the P300 wave. As a result, the 

P300 speller identifies the target and non-target flashings by 

examining the existence of P300 components. 

Some features of P300 spelling systems are speller 

performance, online/offline use, subject dependency, stimulus 

technique and inter-stimulus interval times, the amplitude of 

P300, number of flashes and flashing techniques, visual layout, 

number of channels, classification method for flashing 

existence, and effect on mental workload capacity [25, 26]. 

Many studies have proposed new visual stimulus presentation 
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techniques [27, 28] to improve CA or fewer flashing 

techniques [29, 30] to reduce decision time. In a P300-based 

study, Wu et al. [31] stated that the CA performance and 

information transfer rate of the P300 speller was insufficient 

for real-world application and proposed a new matrix format 

by placing a green dot or a red line over the characters in a 

virtual character matrix. To improve the performance of the 

P300 speller, Wu et al. designed a new typing paradigm in 

which a flashing row or column of a virtual character matrix is 

covered with a translucent green circle with a red dot on the 

top or bottom half. Experimental results showed that the new 

paradigm increased the P300 amplitude of the electrodes in the 

parietal and frontal areas. In addition, the new paradigm 

developed has achieved higher classification accuracy and 

information transfer rates. The offline study they conducted 

with 11 participants achieved an average CA of 97.27%. In 

another study, Lu et al. [32] proposed a P300-speller paradigm 

based on the users' and famous faces. In their research, the 

online CA average of 10 participants reached 85.3%. In 

another, Qu et al. [27] obtained an average CA rate of 94% 

from 12 volunteers in their online (real-time) experiment with 

the P300 speller, a three-dimensional (3D) and single-

character visual stimulus, based on a similar objective. In a 

study evaluating visual modulations in P300 spelling 

paradigms [28], online and offline experiments were 

conducted with a total of 10 people. The results showed that 

the red face paradigm in the white frame provided higher 

average accuracy than the red face paradigm in the blue frame 

and the red face paradigm in the red frame in the online session. 

Most of the work done in the field of BCI is aimed at 

developing new paradigms for a more efficient brain-computer 

interface. In the above studies, for this purpose, BCI 

performance was tried to be improved by developing new 

visual stimulus presentations. 

In studies, the effect of the paradigm on the CA effect was 

investigated with methods such as different visual, color, face, 

and arithmetic operations. In the literature, 2D and 3D flashing 

paradigms and CA performances have been compared [27, 33, 

34]. For example, a similar study by Korkmaz et al. obtained 

the highest CA of 99.81% in the 3D paradigm using 11 

electrodes and 15 flashes in the central, parietal and occipital 

regions [33], while they achieved 99.70% CA in the 2D 

paradigm using the same electrodes and number of flashes. 

Using P8 single electrode, they also achieved the highest CA 

of 97.83% in the 3D paradigm and 96.17% in the 2D paradigm. 

These results show that the proposed 3D paradigm provides 

higher CA performance, especially for low flashing numbers 

in the range of 1-3. However, the amplitude and latency 

differences of P300 signals between 2D and 3D paradigms 

have not been investigated yet. In this study, using the 3D 

paradigm dataset, the effect of the 2D and 3D paradigms on 

P300 amplitude and latency was analyzed on an EEG channel 

basis. By revealing the difference in amplitude and latency 

values between 2D and 3D paradigms, it has been shown from 

a scientific point of view why the 3D paradigm provides more 

performance in ERP-based studies. The greatest amplitude 

increase between the two paradigms was obtained from the P8 

channel, and the difference was 1.47 V. It was also observed 

that since the proposed paradigm was averaged for all subjects, 

it provided a 15.94% amplitude increase and a -1.22% latency 

reduction. 

The rest of this paper is organized as follows. In section 2, 

materials and methods are presented, including the data set and 

paradigm descriptions, EEG recording and signal processing, 

and finally, experimental procedure, respectively. The 

experimental results and discussion are presented in section 3. 

Finally, section 4 concludes the paper. 

 

 

2. MATERIAL AND METHODS 
 

This section first introduces the data set used in the study. 

Then, the classical 2D and proposed 3D paradigms used in the 

study are defined. 

 

2.1 Dataset 

 

EEG signals used in the study were recorded in two sessions 

using 2D and 3D paradigms. A total of ten healthy participants, 

five male (mean age 28 ± 4.84) and five female (mean age 27 

± 4.15), were included. All participants were right-handed and 

without any visual or neurological disorders. In both recording 

sessions, 60 target characters were presented to the 

participants, while the brain's electrical activity was recorded. 

 

2.2 Paradigm 

 

BCI systems are generally based on the row-column 

paradigm model developed by Farwell and Donchin [35]. This 

widely used approach is called the classical paradigm, and it is 

based on the two-dimensional row-column (2D-RC) P300 

typing approach. During the save of the dataset, a new three-

dimensional column-based (3D-C) paradigm was also 

developed. Experiments were carried out with both paradigms 

in two sessions to reveal the difference. 

 

2.2.1 Classic 2D-RC paradigm 

In the classical 2D-RC paradigm, a 6x6 character matrix of 

letters, shown in Figure 1. a, is presented to the participants. 

They are first asked to focus on a specific character, as shown 

in Figure 1. b. Then the columns and rows of the matrix are 

flashed randomly in a column followed by a row and a row 

followed by a column sequence (see Figure 1. c-d). All 

subjects are asked to silently count the number of flashes of 

the target character to ensure their increased concentration. A 

total of 12 consecutive flashes with one row and one column 

target flashings, formed by six-row flashings and six column 

flashings, are called a "trial". A total of 15 attempts, called a 

"run", are made for each target character detection. Therefore, 

a run performed for a target character consists of 180 (12x15) 

flashes. 

 

 
 

Figure 1. Images used in the 2D-RC paradigm 

 

2.2.2 Proposed 3D-C paradigm 

The proposed 3D-C paradigm consists of the combination 

of two paradigms given in the literature. Ramirez-Quintana et 
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al. [36] showed that only column-based flashes increase BCI 

performance. Qu et al., on the other hand, designed an 

effective BCI system with a 3D flashing of a single character. 

Korkmaz et al. developed the 3D-C paradigm as a combination 

of these two [27]. Because the new paradigm includes both the 

column-only approach and 3D flashing, it has been named the 

3D-C paradigm. 

The 3D-C paradigm has some crucial differences from the 

classical 2D-RC paradigm. First, the stimuli presentation's 

flashes are realized with a three-dimensional effect. The 

flashing example used in the study and showing this 3D effect 

is shown in Figure 2. In this figure, the basic character matrix 

is shown in the background with a pale color, while the flashed 

column with a three-dimensional effect is shown in the 

foreground. To better highlight the difference, the initial and 

final positions of the flashed column are presented together. 

 

 
 

Figure 2. Flashing example showing the 3D effect 

 

Another difference between the proposed 3D-Cparadigm 

and the classical 2D-RC paradigm is that flashings of the 

character matrix are in the form of column flashings only. Here 

a column is flashed in a 2D-RC manner first. Then, by 

transposing the rows, new columns are obtained, and one 

among these new columns are flashed again. The idea of 

column-only flashing is based on the fact that the amplitude of 

the P300 wave using columns is more significant than using 

rows due to westerners' habit of reading text horizontally [37]. 

On the other hand, Orlandi and Proverbio showed that 3D 

visuals increase the brain's ERP response [34]. Based on these 

ideas, this new paradigm utilizes 3D and column-only flashing 

to increase ERP responses and develop a more efficient and 

faster BCI application. Examples of column flashing 

performed in the proposed paradigm are shown in Figure 3. 

First, the entire character matrix is shown as shown in Figure 

3. a. Then the target character is displayed (Figure 3. b.), and 

column flashing operations are performed. In Figure 3. c., 

column flashing that includes the target character is shown. 

After completing the column flashings, a new character matrix 

is obtained by transposing the character matrix (Figure 3. d.). 

Then, the same target character is displayed (Figure 3.e), and 

six-column flashings are performed again. Figure 3. f. shows 

the same target character in the new column location. A 

sample video of such a process can be accessed through 

https://youtu.be/mJbak5xPB7w. 

 

 
 

Figure 3. Images used in the 3D-C paradigm 

2.3 EEG recording 

 

The Data recording procedure was approved by Atatürk 

University Health Sciences Institute Ethics Committee. All 

volunteer participants signed the Board-approved Consent 

Form before the experiment. Both paradigms were shown to 

the participants on a 1920 x 1080 resolution LED display. EEG 

data were recorded while the participants were sitting in a 

comfortable chair located 1 m away from the screen. During 

the experiments, subjects were instructed to avoid unnecessary 

movements, including blinking, to pay attention to the target 

character, and quietly count the number of flashes of the target 

character. 

EEG data were obtained on 32 channels with the 

actiCHamp (Brain Products GmbH, Gilching, Germany) 

device consistent with the international 10-20 EEG system. 

The data was collected with a sampling frequency of 250 Hz 

using the 'Fz' as the reference electrode and the ground 

electrode placed on the forehead area. During the experiments, 

the impedances of all electrodes were kept below 5 k. The 

arrangement of the electrodes used in data acquisition is shown 

in Figure 4. 

 

 
 

Figure 4. EEG electrodes placed according to the 

international 10-20 system 

 

2.4 Experimental procedure 

 

2D-RC paradigm experiment is composed of 15 trials for 

each target character. Since each trial is a set of 12 flashings, 

as described previously, there exist 180 flashings for each 

character. The 3D-C paradigm, on the other hand composed of 

180 flashings but in a different manner. Following the target 

character displayed to the participant, all six columns are 

randomly flashed first. This process is defined as the column 

trial flashing. 15 column trials similar to 2D-RC resulted in 90 

flashings. Then a similar procedure is repeated for the 

transpose of the character matrix, forming another set of 90 

flashings. As a result, the same 180 flashes are performed for 

each target character. 

The data collection setup consists of two separate computers, 

one for visual stimulus presentation, another for data recording, 

and an EEG device by which brain responses are measured 

during visual stimulus presentation. Here, stimulus 

presentation is performed using MATLAB software. The 

index information of flashed row or column and the obtained 

brain electrical activity detected on the electrodes are 

combined by the EEG device and sent to the recording 
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computer. Thus, EEG data and visual stimulus index are 

recorded with a time lock. This data collection setup is shown 

in Figure 5. 

 

 
 

Figure 5. The experimental setup 

 

2.5 EEG Signal processing 

 

The signal-to-noise ratio of event-related potentials 

occurring in a single trial flashing is very low. For this reason, 

multiple trial flashings are performed and averaged, resulting 

in a higher signal-to-noise ratio and, thus, more specific event-

related potentials. The most commonly used event-related 

potential is the P300 signal. The positive amplitude value that 

occurs approximately 300ms after the target stimulus defines 

this name. In the same manner, there exist similar event-

related potentials. For example, negative peaks occurring at 

100ms and 400ms are called N100 and N400, respectively. 

Positive peaks appearing at 200ms and 600ms are called P200 

and P600, respectively. 

The P300 signal has two different characteristics: 

Amplitude and latency. Both features may vary depending on 

the type of paradigm applied. The amplitude, measured in V, 

and the latency, the time between the stimulus and P300 signal 

and measured in ms, are shown in Figure 6. 

 

 
 

Figure 6. Amplitude and latency values of the P300 signal 

 

Four-stage data processing steps are applied to the obtained 

EEG signals. These are preprocessing, segmentation, baseline 

removal, and averaging. Since the P300 waves in the EEG data, 

obtained from 31 channels in the study, have low-frequency 

components [38], a 0.1-10Hz bandpass filtering is applied in 

the preprocessing step for noise removal. In the segmentation 

step, the EEG data is partitioned in time windows starting 

1000ms before the P300 and ending 200 ms after the P300. 

Figure 7 shows representative images of EEG fragments of 

1.2s (1000ms + 200ms). In the baseline removal step, the 

baseline is determined using 200ms-long data of each 1.2s 

EEG segment before the target stimulus arrives. The following 

1000ms data after the stimulus is adjusted to remove the 

detected baseline level. In the averaging step, the event-related 

potentials (ERPs) are obtained by averaging the three-step 

processed signals. A demonstration of the averaging is shown 

in Figure 7. Here the target character ‘?’, located in the 5th 

column and 5th [row]T, results in an ERP after averaging for 

column 5 and [row]T 5 while nothing is observable for all 

other columns or [row]T averages. 

 

 
 

Figure 7. Representative mean EEG signals of the column 

and [row]T flashes 

 

The percent increase value between the 3D and 2D 

paradigms for the amplitude and latency values obtained is 

obtained using the following equation. 

 

𝑃𝐼 =
(3𝐷 − 2𝐷) ∗ 100

2𝐷
 (1) 

 

where, PI represents percent increase, 3D represents the 

amplitude or latency value of the P300 signal obtained using 

the 3D-C paradigm while 2D represents that of the 2D-RC 

paradigm. 

 

 

3. RESULTS AND DISCUSSION 
 

The ERPs obtained using EEG signals recorded in 

experiments with 2D-RC and 3D-C paradigms are shown in 

Figure 8. The comparison process was performed by 

calculating the average of the ERPs obtained from all subjects 

and plotting them on the electrodes of the parietal (Pz, P3, P4, 

P7, and P8) and occipital (Oz, O1, and O2) regions. In Figure 

8, blue lines show the 2D-RC paradigm results, red lines show 

the 3D-C paradigm results, and the green vertical line indicates 

the moment of stimulus arrival. 

From the examination of the results, it is observed that there 

is a noticeable increase in the P300 amplitude of the 3D-C 

paradigm, especially in the P4, P7, and P8 channels. It is also 

clear that there is a decrease in N100 amplitude almost for all 

channels. Tables in Figure 9 and Figure 10 were constructed 

for a detailed evaluation of the amplitude and latency changes, 

which are roughly observable in Figure 8. In Figure 9, 

amplitudes for different channels of P300 signals are presented 

for 2D-RC and 3D-C paradigms of all subjects indicated as S1-

S8. Here, the orange bars show the amplitude values of the 3D-

C paradigm, and the blue bars show that of the 2D-RC 

paradigm. These tables suggest that the P300 amplitude values 

of the 3D-C paradigm are generally higher than the 2D-RC 

paradigm. 
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Figure 8. Comparisons of P300 signals of 2D and 3D paradigms for different channels 
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Figure 9. P300 amplitude values 2D and 3D paradigms for different channels and subjects 
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Figure 10. P300 Latency values 2D and 3D paradigms for different channels and subjects 
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Levels on the radar chart in Figure 9, represent amplitude in 

V. In addition, the corners of the radar graphs show the P300 

amplitude values of individuals for both paradigms. Similarly, 

levels on the radar chart in Figure 10, represent latency in ms. 

In addition, the corners of the radar graphs show the P300 

latency values of individuals for both paradigms. 

Figure 11 was obtained for a detailed evaluation of Figure 9 

results by averaging the magnitude values of all persons for all 

channels. 

 

 
 

Figure 11. Averaged amplitude values of all channels 

 

From the evaluation of this table, the average P300 

amplitude of the 3D-C paradigm is higher than the average 

P300 amplitude of the 2D-RC paradigm in all channels except 

the Oz and O2 channels, for which the amplitudes are almost 

the same. Also, the highest average P300 amplitude for the 

3D-C paradigm was obtained on the P8 channel with 5.25 V. 

The most significant difference between the P300 amplitudes 

of both paradigms is also obtained on the same P8 channel 

with an increase of 1.47 V. 

Figure 10, on the other hand, shows the latency values of 

the P300 signals of the 2D-RC and 3D-C paradigms for 

different channels and subjects. Here, the orange bars show the 

latency values of the 3D-C paradigm, and the blue bars show 

the latency values of the 2D-RC paradigm. This figure 

suggests that the P300 latency values of the 3D-C paradigm 

are generally lower than the 2D-C paradigm. 

Figure 10 results are averaged over all subjects and 

presented in Figure 12. 

 

 
 

Figure 12. Average latency values of all channels 

 

From the evaluation of Figure 12, the average P300 latency 

of the 3D-C paradigm is lower than the average P300 latency 

of the 2D-RC paradigm in all channels except the occipital 

region channels, namely O1, Oz, and O2. The most significant 

difference between both paradigms' P300 latency is obtained 

on the P3 channel with 16ms. 

 

Table 1. P300 amplitude and latency increments per channel 

 
Channel Amplitude 

increase (%) 

Latency increase 

(%) 

Pz 24.69 -3.29 

P3 16.81 -7.11 

P4 31.60 -1.45 

P7 17.61 -1.81 

P8 38.89 -3.79 

Oz -4.71 2.60 

O1 2.91 2.51 

O2 -0.25 2.59 

Average 15.94 -1.22 

 

Considering the Figure 11 and Figure 12 values, percent 

amplitude and latency increment for all channels are presented 

in Table 1. From this table, it is clear that there is an amplitude 

increase in all of the parietal region electrodes when the 3D-C 

paradigm is employed, while there is an amplitude increase 

only in the O1 channel. Based on all channels' averages, an 

average amplitude increment of 15.94% is observable. When 

the latency values are examined, on the other hand, there is a 

decrease on all of the parietal region electrodes and an increase 

on the occipital region electrodes when the 3D-C paradigm is 

used. When such latency values are averaged over all channels, 

it is observed that there is a decrease of -1.22% with the use of 

the 3D-C paradigm. 

The literature reported that the mean P300 amplitude is 

smaller, and the latency is more significant for the use of more 

complex tasks [39, 40]. Based on their findings, the proposed 

paradigm suggests an easy task compared to the traditional 

2D-RC with higher P300 amplitude and lower latency values, 

especially for parietal region electrodes, using the 3D-C 

paradigm. In other words, it provides higher performance. 

 

 

4. CONCLUSION 
 

In P300-based BCI applications, studies are carried out on 

how different stimuli affect system performance. These 

studies often include research on how it affects classification 

accuracy. In the literature, Korkmaz et al. [33] showed that the 

three-dimensional and column-flash-based paradigm provides 

a higher classification accuracy than the classical two-

dimensional row-column flash-based paradigm without 

clearly indicating how the three-dimensional and column 

flashing causes a change in the P300 response. Using the 

dataset created by Korkmaz et al., it has been shown in this 

study how the proposed visual paradigm causes a change in 

the event-related potentials produced by the human brain. In 

this sense, the P300 signals’ amplitude and latency values 

were investigated in the study.  

Based on the obtained results, both paradigms' values show 

a noticeable increase in P300 amplitude in the ERP signals 

received from the Pz, P3, P4, P7, P8, Oz, O1, and O2 channels. 

This difference between both paradigms is most visible on the 

P8 channel. In addition, it is observed that there is a decrease 

in N100 amplitude in the ERPs obtained using the 3D-C 

paradigm. The mean P300 amplitude and latency values 

obtained for both paradigms are shown in Figure 11 and 12. 

Figure 11 shows that the amplitude of P300 received using the 

0

1

2

3

4

5

6

2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D

Pz P3 P7 O1 Oz O2 P4 P8

A
m

p
lit

u
d

e
(µ

V
)

170

180

190

200

210

220

230

2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D 2D 3D

Pz P3 P7 O1 Oz O2 P4 P8

Ti
m

e 
(m

s)

1848



 

3D-C paradigm is higher than that of the P300 obtained using 

the 2D-RC paradigm. Figure 12, on the other hand, shows that 

the P300 latency obtained using the 3D-C paradigm is lower 

than the P300 latency obtained using the 2D-RC paradigm. 

From the evaluation of literature studies, it is proposed that 

high P300 amplitude and low latency values are related to easy 

tasks. Hence, the proposed 3D-C paradigm suggests an easy-

to-use paradigm to be employed in BCI systems compared to 

the classical 2D-RC paradigm. Therefore, it provides higher 

performance in such systems.  

From a scientific point of view, it has been demonstrated 

why the 3D paradigm provides more performance in ERP-

based studies and is suitable for BCI applications to be used in 

daily life. By revealing the difference between 2D and 3D 

paradigms, it has been shown by the experimental study that 

the 3D paradigm is more suitable for ERP-based BCI 

applications. In this way, a more performance paradigm has 

been developed for practical applications. 
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