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Abstract 

A brain-computer interface (BCI) allows patients with reduced motor abilities to interact with 

a computer using recordings of the brain’s electrical activity. One such method of recording is 

electroencephalography (EEG), a method commonly used in BCI research. A BCI is trained by 

a subject in often tedious sessions. In this study, the possibility of reducing the length of these 

sessions was investigated. Support vector machines (SVM) were trained with increasingly 

large parts of the session data sets and the classification accuracy was analyzed. Results 

showed patterns of peaks and stabilization in performance at similar points in time for 

different subjects. This suggests the possibility of either shortening the overall session length 

or tailoring session length to fit each subject, depending on the nature of the experiment. 

Sammanfattning 

Ett hjärna-dator-gränssnitt (BCI) gör det möjligt för patienter med nedsatt rörelseförmåga att 

interagera med en dator genom att man mäter den elektriska aktiviteten i hjärnan. En metod 

för detta är elektroencefalografi (EEG), som är ett vanligt förekommande verktyg inom 

forskning på BCI:er. BCI:er är vanligtvis tränade av en försöksperson i pass som kan vara 

påfrestande. I denna studie undersöktes möjligheten att reducera längden på dessa pass. 

Stödvektormaskiner (SVM) tränades med ökande längder av experimentets pass och 

noggrannheten på klassificeringen analyserades. Resultaten visade mönster av toppar och 

stabilisering i noggrannheten vid liknande punkter i tiden för samtliga sessioner. Detta visar 

på möjligheten att antingen korta ner sessionerna oberoende av individ eller anpassa längden 

för varje individ, beroende på experimentets utformning. 
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1 Introduction 

1.1 BCI as a Form of Motor Disability Rehabilitation 

A brain-computer interface (BCI) is a way of communicating directly between the brain and a 

computer, without using sensory or motor inputs or outputs [1]. In order to construct a BCI, 

one must find a way of capturing the intentions of the person utilizing it. One way of 

accomplishing this is by using electroencephalography (EEG) to measure the electrical activity 

in the brain of the subject when performing different tasks [1]. To classify these signals, 

machine learning methods have been employed to great success [2]. Machine learning – an 

umbrella term in computer science – is a way of creating a predictive model based on the 

concept of learning from data. 

Regarding BCIs, the desired application of machine learning is classifying features of the given 

EEG data. These features are matched to certain actions of the subject from whom the EEG 

data are recorded. One example is an experiment where a subject would be asked to imagine 

moving right or left arm. A classifier is trained with several recorded attempts of this action to 

learn how to differentiate EEG patterns corresponding to imagining moving the right or left 

arm, respectively. These kinds of experiments are usually performed in sessions, each session 

comprising several trials. In previous research, the sessions usually range from 30-45 minutes 

[3, 4]. However, what seems to be lacking is motivation for the choice of the length of these 

sessions and whether the quality of the data changes during a session. 

There are two main aspects that determine the performance in a BCI experiment. Firstly, there 

is the design of the BCI, e.g. data selection and choice of machine learning model. Moreover, 

there is the BCI user's performance and as Wolpaw et al. [1] note, controlling a BCI is a skill 

that requires practice. While training a BCI, test subjects must often perform monotonous 

tasks for a seemingly long period of time. It is easy for the subject to get bored and lose focus, 

which is suboptimal for the recording of signals that are central to the BCI. To encourage the 

subjects and help them learn how to use a BCI, there sometimes exists some form of feedback 

so the subject knows how he or she is doing. However, this can cause frustration if the 

subject's performance is lacking, which can also disturb the signal recording. Furthermore, 

there is a limit to the efficiency of the feedback and the subject will eventually get tired of 

training. For these reasons, it can be assumed that a short as possible session length is 

preferable to the subject. 

1.2 Purpose of Study 

In this study, we wanted to investigate if there was a possibility to reduce the duration of a 

session without compromising the performance of the BCI. Many experiments conducted in 

the area have a session length which could be tedious for a person, especially since the 

experiments often are monotonous. We wanted to find out how the accuracy of the BCI varies 

throughout the session. By doing this, we could hopefully deduce an optimal time frame for a 

session. If the accuracy approached some stability level, there would be a tradeoff between 
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accuracy and time. There are also factors such as fatigue and boredom that could disrupt the 

experiment, which we expected could yield a dip in accuracy at the end of the sessions. One 

could therefore possibly even improve the experiment by having shorter sessions. This lead to 

a research question as follows: 

Are there consistent patterns to find suggesting that the performance of a subject drops or 

sufficiently saturates towards the end of the session? 

This study focused on the time aspect and for this reason, there is no comparison between 

different classification methods. A rather limited effort has been invested in optimizing the 

performance of the classifier by parameter tuning. We only had data from one type of 

experiment and could therefore not compare results from different types of experiments. The 

data only contained two sessions per subject, which meant that the freedom of choosing 

combinations of training and testing data sets was severely restricted. As we had no 

information regarding the perceived fatigue of the subjects during the sessions, our analysis 

was only based on quantitative data of the accuracy. 

In section 2, some background to the field is presented, followed by section 3 describing the 

methodology. Section 4 consists of results. Discussion of these results follows in section 5, and 

section 6 presents some conclusions from this study. 
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2 Background 
A BCI is a communication system that does not use any muscles or peripheral nerves to 

operate. Instead it must solely rely on registered brain signals such as EEG [1]. In the 1920s, 

the German psychiatrist Hans Berger was able to record the first EEG signals from a human 

[5]. The natural progression was to utilize these waves to be able to communicate. The topic 

was picked up by the U.S. military in the 70s, with the purpose of developing methods of 

enhancing the human performance in intensive mental tasks. Although the knowledge within 

the area was expanded, the projects were unsuccessful [1]. The current main purpose of 

scientific research about BCIs is to provide tools for people with paresis or other motor 

disabilities [1]. 

When dealing with BCI as a tool for individuals with neurological disabilities, there are several 

ethical issues that should be addressed. A few of these are compiled in an article by Glannon 

[6]. The author suggests that potential subjects should be carefully instructed in the limits of 

BCI as to keep expectations realistic, which is important for their psychological health. A 

selection criteria of BCI operators can be implemented, only accepting individuals with a high 

success rate in controlling the BCI. Glannon reasons that discriminating individuals with 

greater impairments is justified because of the risk of emotional harm if the subject’s 

expectations are not met. Another considerable ethical issue that the author discusses arises 

from a scenario when a subject has mastered controlling a BCI and is able to communicate 

about decisions of life-sustaining treatment. If a heavily impaired person with help of a BCI 

expresses a will to not want to continue living, it is suggested that this should not be taken as 

evidence in this topic of such great ethical magnitude. 

 

Figure 1. The general architecture of a BCI. 

2.1 Electroencephalography (EEG) 

As can be seen in Figure 1, a BCI is a very complex chainlike system with many parts that must 

be taken into consideration. First off, the system needs input from the user. Retrieving this 

information is a delicate process. The brain consists of neurons that send electrical signals to 

transfer and process information. This electrical activity can be recorded by measuring the 

electrical potentials, which is called EEG [7]. When using EEG recordings to control a BCI, 

electrodes are placed on the subject’s head. The electrodes can be placed on the scalp (non-



   
 

4 
 

invasive) or sometimes directly on the brain (invasive). The current in the neurons causes 

voltage oscillations that can be measured with these EEG electrodes. Because oscillations are 

analyzed, it is useful to process the signals in the frequency domain [8]. Factors that affect the 

recordings are electrode placement, electrode type, frequency selection and filtering [1]. 

Wolpaw and McFarland [3, 9-13]  have lead extensive research within the area and have been 

able to show that people are able to control a cursor by learning to control spectral band 

power modulations of EEG signals recorded over the sensorimotor complex. These frequency 

bands are called mu and beta rhythms, spanning 8-12 Hz and 18-25 Hz respectively. The 

electrode locations over the motor cortex are denoted C3 and C4 in accordance with the 

International 10-20 system. They are placed on the left and right hemisphere respectively, as 

can be seen in Figure 2. 

 

Figure 2. A figure displaying the electrode locations in the so called International 10-20 system. 
The C3 and C4 locations are often used in EEG recordings involving motor imagery. 

The next part of a BCI is the raw data processing. EEG signals are usually weak and noisy, 

especially from noninvasive recordings. Noise can be caused by brain signals that correspond 

to the actual physical movement, i.e. eye movement, and is not exclusive to healthy subjects 

[1]. This low signal-to-noise ratio will of course affect the BCI’s precision negatively. Prasad et 

al. [14] point out that because of this, it is impossible to create a perfect BCI. Using statistical 

tools, noise reduction can improve the choice of features to extract. The features can be 

spectral power in the different frequency bands or other statistical properties that the data 

contains. 

The features extracted from the data make up a feature vector that is the input to the last part 

of the BCI: the classifier. The classifier is an algorithm that interprets the input to produce the 

output of the entire system, which controls the computer. The algorithm can consist of 

predefined rules that decide the output of a certain input, but more commonly the classifier 

relies on some form of machine learning to decide these rules [1]. 
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2.2 BCI Experiments and Current Research 

With the machine learning approach, the classifier needs to learn how to tell apart user actions 

based on data. The data are recorded in experiments using the task that the BCI is designed 

for. Due to the versatile nature of BCIs, several different types of tasks have been evaluated 

in this regard. One large group of experiments are based on so-called mental task imagination. 

A few examples in this category that have been investigated in BCI research are motor imagery 

(the subject mentally simulates performing a certain action), mental mathematics, mental 

letter composing and geometric figure rotation [2]. These tasks are usually rather quickly 

completed, which means that they can be repeated and produce more data. Usually 

experiments are performed in sessions, each session consisting of several trials, and multiple 

sessions are recorded at different dates. 

The sessions can vary in length, and researchers have previously seen that subjects reported 

a decreased attention level and interest in the experiment as it progressed. In a study by 

Prasad et al. [4], the sessions consisted of 160 trials using the so-called basket paradigm (see 

section 3.1). Except for conclusions about decreased attention level, this study also showed 

that increased fatigue displayed a correlation with decreased classification accuracy. This 

stands to reason, seeing that mental fatigue has been observed to affect the EEG frequencies 

utilized in BCIs. Klimesch [15] presented evidence that EEG oscillations in the alpha band, 

which encompasses the mu band from which the data in this study originated, reflected 

cognitive and memory performance. Schober et al. [16] found an increase in the power in the 

alpha band over time as an expression of the change in the vigilance level of the subjects. An 

even more direct connection between BCI performance and fatigue was established by 

Käthner et al. [17] in a study from 2014. It was discovered that increased in fatigue levels 

corresponded to lower performance and, similar to [16], an increase of power in the alpha 

band. Even though the BCI in Käthner’s study was not of the same type as the one used in this 

study, it could be valid to assume that these phenomena generalize to all types of BCI. 

Some efforts have been made to attempt to counteract the effects of fatigue on BCI 

performance. Xie et al. [18] used a steady-state visually evoked potential (SSVEP) based BCI, 

which functions by measuring the brain response to visual stimuli. It was seen that their 

alternative design of the experiment that was tailored to alleviate the mental fatigue of the 

subjects was successful, and that it did not hamper the performance of the EEG responses. 

2.3 BCI Classification 
The trials are the recording of EEG signals while the subject is performing the task at hand. 

The signals are recorded continuously over the entire trial. If continuous feedback is needed 

for the experiment, the features need to be considered time dependent. There are three ways 

of handling the time variations, two of them being concatenation of data and combination of 

static classification [2]. Concatenation can be used by dividing the time segments into blocks 

or patterns, and having a static classifier train with all blocks. As Haselsteiner and Pfurtscheller 

notes, these patterns are ideally representative patterns of the series as a whole, which can 
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be difficult to achieve [19]. It is, however, easy to train a basic static classifier this way. Another 

way of using static classifiers for a time-variable data sequence is to use a combination of 

classifiers. By letting each time step in the incoming signal train its respective classifier each 

trial, a set of classifiers is received. Haselsteiner and Pfurtscheller take it a level further, 

reaching a conclusion that by using two time steps instead of one for the feature vector, the 

error rate can be reduced [19]. When using the classifier for classifying input to the BCI, the 

classifiers can vote for what they have deducted, and the signal is classified as the majority 

[2]. This also results in a classification certainty level, which can be useful. Voting is a common 

method of combining classifiers within the BCI research field and various types of classifiers 

have been tried, one of the most prominent being support vector machine (SVM) yielding 

state-of-the-art results [20]. 

An SVM is a static, linear or nonlinear, classifier. It is robust in that it is most of the time 

insensitive to overtraining. It is based on creating a hyperplane in the space where the feature 

vector exists, separating the different data points (see Figure 3). For a binary problem (i.e. left 

vs. right) only one hyperplane is needed. For a multiclass problem, several hyperplanes divide 

the space. The hyperplane orientation and location is chosen so that the margin from the 

hyperplane to the closest data points, called support vectors, are maximized. 

 

Figure 3. An SVM uses support vectors to determine the optimal hyperplane that divides the 
data points belonging to different classes [2]. 

As mentioned previously, EEG data contains a significant amount of noise. It can be impossible 

to find a hyperplane that perfectly divide the classes. Furthermore, noise can take the form of 

outlying data points in the data set. These outliers can affect the orientation and position of 

the hyperplane, causing the hyperplane to be a suboptimal divider of the classes. To deal with 

outliers, SVMs can utilize a so called soft margin. There are different types of soft margin 
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implementations, all of which introduces a new parameter that must be dealt a value optimal 

for a given data set [21]. Another way for a linear SVM to underperform is when the classes 

are not linearly separable. One can then use something called the kernel trick, making the SVM 

nonlinear. A linear SVM uses a simple hyperplane to divide the classes, where the hyperplane 

is described as 

𝒘 ⋅ 𝒙 + 𝑏 = 0, (1) 

In this equation, 𝒘 are the weights that determine the orientation, 𝑏 is the bias determining 

the position and 𝒙 is an arbitrary point in the plane. The “⋅” is the dot-product between the 

vectors 𝒘 and 𝒙. Data points are labeled either +1 or −1 depending on which class they 

belong to and the classifier then predicts the class of an incoming feature vector 𝒙𝑖 by  

𝑓(𝒙𝑖) = sign(𝒘 ⋅ 𝒙𝑖 + 𝑏), (2) 

With the kernel trick a mapping function Φ is introduced, replacing the dot-product 

𝒖 ⋅ 𝒗 ⟶ Φ(𝒖) ⋅ Φ(𝒗) ≡ 𝐾(𝒖, 𝒗), (3) 

This is done to map input vectors that are not linearly separable in input space to a feature 

space with a higher dimensionality where they can be linearly separable by a hyperplane [21]. 

The mapping function Φ is determined by the kernel 𝐾 used. There are several types of 

kernels, one of them being the linear kernel that is the dot-product. Hence, the initial 

representation of a classifier in equation (2) is merely a special case of this more general 

kernel representation. Another type of commonly used kernel is the Gaussian kernel 

𝐾(𝒖, 𝒗) = exp (−
(𝒖 − 𝒗)2

2𝜎2
) , (4) 
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3 Methodology 

3.1 Experiment and Data 

The data origins from an experiment known as the basket paradigm. In this experiment, a 

screen is placed in front of the subject, on which a ball appears. The subject is then ordered 

to mentally steer the ball either to the left or to the right of the screen, by imagining moving 

either left or right arm, landing it in the corresponding basket. 

 

Figure 4. An illustration of the basket paradigm [22]. 

Each such trial takes 7 seconds and was repeated between 110 and 196 times during one 

session, with slight variations in the number of trials between the subjects. There were 2 

sessions completed for each subject, and 5 subjects in total. From the 7 seconds that 

comprised one trial, the interval between 3 and 7 seconds was deemed to contain the most 

relevant information and were thus extracted from the original data. The sampling frequency 

was 125 Hz, with each time sample having a duration of 500 ms, resulting in a total of 110 data 

points in the time domain for each trial. In order to ascertain balanced data, the same number 

of commands pertaining to each category were given.  

The data from the experiment was provided by the supervisor of this study, and comprised a 

subset of data used in [23]. In the experiment, the subject is equipped with electrodes at the 

C3 and C4 locations, recording EEG signals. The data were processed and the spectral power 

of the mu and beta rhythms had been extracted. 

3.2 Training and Testing the Classifiers 

Training and testing was performed using MATLAB’s built-in SVM, which meant that an 

optimal set of parameters as well as an optimal way of concatenating the time series data had 

to be determined. For treating the temporal data, 3 different methods were considered after 

consulting previous work [19] on the issue: 

1. The most straightforward method was training one SVM at each time step and testing 

it on the corresponding time step in the other session, as can be seen in Figure 5. This 

meant that SVM 𝑠𝑖 was trained at time step 𝑡𝑖 for 𝑖 = 1, 2, 3, … 110. In this case, the 

feature vector 𝒙(𝑡𝑖) for each time window of 500 ms had the following structure: 
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𝒙(𝑡𝑖) = [𝐶3𝜇(𝑡𝑖) 𝐶3𝛽(𝑡𝑖) 𝐶4𝜇(𝑡𝑖) 𝐶4𝛽(𝑡𝑖)] 

where C3 and C4 describes the location of the electrodes and 𝛽 and 𝜇 describes the frequency 

bands. 

 

 

Figure 5. Training one SVM on each time step.  

  

2. Additionally, one SVM was trained at every two time steps concatenated, so that SVM 

𝑠𝑖 was trained on time steps 𝑡2𝑖−1 and 𝑡2𝑖 for 𝑖 = 1, 2, 3, … , 55. This process is 

illustrated in Figure 6. The feature vector had the following structure: 

𝒙(𝑡𝑖)

= [𝐶3𝜇(𝑡2𝑖−1) 𝐶3𝛽(𝑡2𝑖−1) 𝐶4𝜇(𝑡2𝑖−1) 𝐶4𝛽(𝑡2𝑖−1) 𝐶3𝜇(𝑡2𝑖) 𝐶3𝛽(𝑡2𝑖) 𝐶4𝜇(𝑡2𝑖) 𝐶4𝛽(𝑡2𝑖)] 

 

 

Figure 6. Training one SVM on each two time steps concatenated. 

 

3. Finally, a method was used where one SVM was trained on every two time steps 

concatenated, but with overlap. This can be seen in Figure 7, where SVM 𝑠𝑖 was trained 

on time steps 𝑡𝑖 and 𝑡𝑖+1 for 𝑖 = 1, 2, 3, … , 109. In this case the feature vector also 

maintained the same structure as in the first method, but with length 8 since the data 

originated from two points: 

𝒙(𝑡𝑖)

= [𝐶3𝜇(𝑡𝑖) 𝐶3𝛽(𝑡𝑖) 𝐶4𝜇(𝑡𝑖) 𝐶4𝛽(𝑡𝑖) 𝐶3𝜇(𝑡𝑖+1) 𝐶3𝛽(𝑡𝑖+1) 𝐶4𝜇(𝑡𝑖+1) 𝐶4𝛽(𝑡𝑖+1)] 

 

𝑡1 𝑡2 𝑡3 𝑡4 

𝑠1 𝑠2 

𝑡1 𝑡2 𝑡3 𝑡4 

𝑠1 𝑠2 𝑠3 𝑠4 
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Figure 7. Training one SVM on every two time steps concatenated, with overlap. 

To produce a single output, each SVM cast a vote in favor of the class that they had chosen 

for their data point(s). The class with the largest number of votes was then picked as the 

overall class for that trial. The parameters were optimized using a complete session as training 

data, as it was expected to have a strong classifier in the end of a session. According to 

Haselsteiner and Pfurtscheller [19], increasing the number of concatenated time steps above 

the number of 2 would have had no significant benefit on the results.  

The method using overlap yielded superior results. Regarding the other parameters of the 

SVMs (kernel type and soft margin), all possible combinations were iterated over and the 

values which gave the best percentage of correctly classified trials were selected. The kernel 

to be used was chosen to be linear, and the soft margin was set to a different, optimal, value 

for each session.  

Once an optimal set of parameters had been obtained, the testing of the hypothesis was 

started. For each person, the first and the second session were alternately used as training 

and testing data. The SVMs were trained on the provided data, continuously evaluating their 

hit rate to establish their performance as time progressed. This means that for each session, 

the classifier was trained with the 𝑘 first trials, for 𝑘 = 1, 2, 3, … , 𝑛 where 𝑛 is the number of 

trials in the session. Classifier at time 𝑇𝑘 (after 𝑘 trials) was evaluated at each iteration by 

testing it on its corresponding test session (which was the same for all 𝑛 classifiers). 

The reason for testing the classifier on a different session was because it was deemed unfair 

to compare the precision of a classifier that was tested on all its training points with a classifier 

that was trained with a fraction of the same testing points. Because of the nature of the study, 

a session could not be divided into a training and a testing set. To make up for this, the testing 

set was as described chosen to be the other session of the subject, with the assumption that 

these were the sessions with the least variation in behavior between them. 

3.3 Statistical Tools 
Statistical analysis was performed on the results. Accuracies for 𝑛 different classifiers were 

calculated, where 𝑛 was the number of trials in a session. These were clustered into groups of 

20, which are henceforth referred to as partitions. This means that the accuracies of the 

classifiers trained on every trial up to 1-20 were clustered together (partition 1), and up to 21-

40 together (partition 2), and so on. If the number of trials in a session was not divisible by 20, 

the last partition had a size less than 20. This partition was discarded if its size was smaller 

𝑡1 𝑡2 𝑡3 𝑡4 

𝑠1 𝑠2 𝑠3 
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than or equal to 10. The reason for this was to avoid getting a last partition having a size much 

smaller than 20, which would yield a larger spread because of the smaller sample size. Since 

the distribution to which the results belonged was unknown, a non-parametric one-way 

ANOVA test, or Kruskal-Wallis test, was used to compare the different partitions. The post-

hoc test used was a multiple comparison test. Boxplots were also created to visualize the 

general trends in the data sets. In the boxplot, outliers have been identified and marked with 

a red cross. A session length 𝑑 has been marked as an outlier if  

𝑑 < 𝑞1 − 1.5 ⋅ (𝑞3 − 𝑞1) 

or 

𝑑 > 𝑞3 + 1.5 ⋅ (𝑞3 − 𝑞1) 

where 𝑞1 and 𝑞3 are the 25th and 75th percentiles of the partition containing 𝑑, respectively 

[24]. 
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4 Results 
As described in section 3.3 above, boxplots and Kruskal-Wallis tests were performed on both 

sessions for all five subjects, as well as on the grand average of all ten sessions and two 

averages of sessions displaying similar trends. This adds up to 26 graphs shown in appendix 

(Figure A1–A26). In this section, the results for the average as well as two interesting subjects 

with sessions displaying the highest maximum accuracies and clearest trends are presented, 

followed by a summary of the results of the sessions as a group. 

4.1 Grand Session Average 

For each time step, the accuracies have been averaged. Because the sessions vary in length, 

all sessions do not contain all time steps. Table 1 displays “contributors” to each box of the 

averaged boxplot, as to present influence by group versus individual session. 

Table 1. Session lengths and partition (group of 20 session lengths) in which it had its last 
contribution to the average. (Sorted by length from shortest to longest.) 

Session Length (trials) Last contributed partition 

S1s1 110 6 

S4s2 130 7 

S4s1 140 7 

S5s2 146 8 

S5s1 148 8 

S1s2 150 8 

S2s1 154 8 

S2s2 158 8 

S3s1 158 8 

S3s2 196 10 

 

Since the majority of sessions are represented in partitions 1-8 it is justified to analyze these 

to determine the overall trend of the group consisting of the ten sessions. Thus, partitions 9 

and 10 are omitted in the box plot shown in Figure 8. The box plot represents a learning 

process that increases in the beginning and, from partition 4 and onwards, stabilizes in an 

asymptotic manner. The Kruskal-Wallis test was performed with the null hypothesis that the 

partitions came from distributions with equal mean ranks. The test results are displayed in 

Table 2. The low p-value (p < 3.3e-22) motivates the use of post-hoc tests to identify the 

differences between specific partition pairs. Figure 9 displays the post-hoc test by multiple 

comparison. The test shows that pairwise, each of the partitions labeled 4 and 6-8 has a higher 

mean accuracy than each of partitions 1-3. This suggests what the boxplot shows - namely 

that the performance tends to increase at first, and after a certain point levels out to stabilize 

around a constant level. For this data set the stabilization point is in the fourth partition, 

between 60-80 trials into the session. 
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Figure 8. Box plot of the grand average of session performances over the session partitions. 
The last two partitions have been omitted as they only contain data from one session (S3s2). 
Partitions 1-6 are averaged over all ten sessions (both sessions of each subject). Partition 7 is 
averaged over nine sessions, since S1s1 is not long enough. Partition 8 is averaged over seven 
sessions, since S4s1 and S4s2 are not long enough. The length of all sessions can be found in 
Table 1. Outliers have been identified, as explained in Section 3.3, and have been marked with 
a red plus sign. 
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Table 2. ANOVA table of the Kruskal-Wallis test. Note that the p-value of the test is close to 
zero. 

Source SS df MS Chi-sq Prob>Chi-sq 

Columns    251105.4      7    35872.2    116.97    3.2657e-22 

Error       90214.1    152      593.5                          

Total      341319.5    159                                     

 

Figure 9. Post-hoc multiple comparison for the grand average session performance. The blue 
line in focus corresponds to the partition with the highest expected mean rank, in this case 
partition 6 (sessions with 101-120 trials). The red lines correspond to the partitions that 
pairwise have significantly different mean rank than the blue line. The gray lines correspond 
to partitions that overlap with the maximum partition. This means that there is no evidence to 
reject the null hypothesis that the blue and any of the gray partitions have pairwise different 
mean values. 
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4.2 Subject 2 

One of sessions recorded for subject 2 (S2s2) showed similar tendencies as the grand average, 

which is the increasing and later stabilizing trend. This is displayed in Figure 10 and Figure 11. 

 

Figure 10. Box plot of performance over time for session S2s2. 

 

Figure 11. Multiple comparison for session S2s2. 

Note however, that the stabilization does not seem to occur until partition 5 or 6. This 

corresponds to a session length of 80-120 trials. 
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The other session of subject 2 (S2s1) showed a similar stabilizing trend as can be seen in the 

box plot of Figure 12. The second last partition (7) has a very large spread and it seems like 

the performance is highly volatile here. It can be observed however, that the comparison in 

Figure 13 shows that it cannot be concluded that the partition with the highest expected mean 

rank (partition 5) comes from a distribution with a significantly different mean than the 

succeeding partitions. As for the starting point of the stabilization, it seems to be adjacent to 

that of the other session (S2s2) in partition 4 or 5. 

 

Figure 12. Box plot of performance over time for session S2s1. 

 

Figure 13. Multiple comparison of the Kruskal-Wallis test for session S2s1. 
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4.3 Subject 4 

Another interesting and rather clear pattern that was retrieved from the experiment was from 

the sessions of subject 4. In both sessions, the performance curve consists of an improving 

phase in the beginning, just like subject 2, followed by a peak somewhere in partition 3-5 

which is then followed by a downwards trend. 

 

Figure 14. Box plot of performance over time for session S4s1. 

 

Figure 15. Multiple comparison for session S4s1. 
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In the first session of subject 4, the peak partition is significantly different to all other partitions 

but its succeeding neighbor, as can be seen in Figure 15. The second session also has a clear 

peak (Figure 17), however this occurs earlier in the session (partition 3 instead of partition 4-

5). Another difference between the sessions is that the second one contains a last partition 6 

in the end that is significantly larger than the two prior partitions 4 and 5. This partition 6 is 

not significantly different from the peak in partition 3. 

Another noteworthy feature of the second session is that these low performing partitions 4 

and 5 have a very low accuracy rate with a median below 55% as compared to the peak 

partition somewhere between 60-65% (see Figure 16). This is an accuracy level close to the 

median accuracies of the two first partitions of the session. This is not the case with the first 

session of subject 4. Figure 15 displays that partitions 6 and 7 are significantly higher than 1 

and 2. Partitions 6 and 7, although significantly worse than the peaking partition 4, are still at 

a relatively high performance level of slightly over 60%, as compared to partition 4 that has a 

median at 70%, and the two initial partitions 1 and 2 slightly above the guessing level 50%. 

 

Figure 16. Box plot of performance over time for session S4s2. 
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Figure 17. Multiple comparison for session S4s2. 

4.4 General Trends 
In these results, many of the sessions have relatively poor accuracies. Of the ten sessions 

analyzed, four had a maximum partition median below 55%. These belong to subjects 1 and 

3. The best maximum partition median achieved was that of the first session of subject 4 

(S4s1), reaching 70% accuracy. The rest of the reported mean accuracy rates are somewhere 

between 60-65%, except S2s2 which reported a slightly higher mean accuracy rate of 

approximately 67%. Regarding the average, it reaches the maximum partition median of 58-

59%, as can be seen in Figure 8. 

As for the temporal (partition-wise) trends of accuracy through the sessions, all ten sessions 

(two sessions for each of five subjects) can be divided into the two groups handled above: 

increase followed by stabilization or increase followed by decrease. They divide evenly – five 

sessions were identified as stabilizing and five as peaking. As mentioned above, both sessions 

of subject 2 were stabilizing and both sessions of subject 4 were peaking. The other three 

subjects had one peaking session and one stabilizing session each. The average of the five 

sessions with the same trends, for both stabilizing and peaking, are shown in Figure 18 and 

Figure 19 respectively. The corresponding multiple comparison plots are found in the 

appendix (Figure A4 and A6). 

For all stabilizing sessions, the point of stability is reached between partition 4 and 6, 

corresponding to a session length of 60-120 trials. A similar congruence can be identified for 

the peaking sessions. These reached a peak around partition 3 or 4. This corresponds to a 

session length of 40-80 trials. There is one session, S3s2 seen in Figure A17 in the appendix, 

which has a second peak or stabilizing point late in the session. This is the longest session by 

far, containing 196 trials. 
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Figure 18. Average of the five sessions identified as stabilizing. 

 

Figure 19. Average of the five sessions identified as having a peak. 
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5 Discussion 

5.1 Session Adaptation 

In general, the results seem to adhere to two different patterns – they either have a peak in 

the accuracy somewhere in the session or the accuracy seems to stabilize as the session time 

progresses. The point at which the peak or stabilization occurs differs between data sets, but 

on average occurs somewhere in trials 60-120. This suggests that there is in fact a decrease in 

the learning rate of the subject over time.  

A trend that occurs in sessions with higher accuracy is that the two sessions originating from 

the same subject display similar characteristics. Both sessions in subject 2 clearly stabilize 

between trials 60-120, whereas the sessions in subject 4 show a clear peak around trials 40-

80. This suggests that rather than finding a session length that is optimal for all subjects, it 

would be preferable to find a session length that is optimal for each subject. However, 

depending on the number of subjects involved in the experiment and the number of sessions 

each subject participates in, this might not be the case. If the experiment performed involves 

a large number of subjects and has few sessions for each subject, it might still be advantageous 

to make use of the general trends in performance. Attempting to tailor the session length for 

each subject might create a significant overhead compared to the number of sessions actually 

performed. If instead the experiment involves few subjects, and each subject participates in a 

large number of sessions, it might be preferable to tailor the session length for each subject. 

This way, the number of session adaptations will be kept low and each adaptation will provide 

a significant benefit. 

In the case where a general session time adaptation is found, this study points towards having 

up to 120 trials per session. Although subject 2 and 4 had the same trends for both their 

sessions in this experiment, subject 1, 3 and 5 did not. Not only was there no apparent divide 

between “peakers” and “stabilizers” when looking at subjects, but the frequency of peaking 

and stabilizing sessions was the same. The study therefore lacks basis to draw any conclusions 

whether there exist any patterns regarding the different types of performance trends and 

their occurrences. One could therefore, while performing an experiment involving many 

subjects as described above, choose between assuming peaking or assuming stabilizing. If the 

former is chosen, this study suggests a session length of up to 80 trials. If the latter is chosen, 

this number increases to 120 trials per session. It is possible to let the sessions be of any length 

in this span between 80-120. The averaged box plot in Figure 8 supports this choice of interval. 

A choice of session length in this interval is much shorter than 160 trials, a length used by 

Prasad et al. [4] in a study handling the same experiment as this study. 

The decision of session length can be made on an experiment level, or perhaps even subject 

level if possible, to increase the comfort of the subject. It should be noted that this study 

handles relatively few data sets. A more precise or more valid interval could be found with 

more extensive research in this topic, studying a larger sample of subjects and sessions. 
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In this study, we have assumed that it is optimal for the subject with the shortest possible 

session duration. This is debatable, since it could be possible that longer sessions would imply 

a better BCI control even though the subject is experiencing fatigue. The subject could be 

experiencing moments of discomfort to get better in the long run. Something that speaks 

against this is that it could be possible that data recorded while the subject is tired are 

suboptimal for training. The length of the sessions could also depend on the nature of the BCI 

application. If used for a rehabilitating purpose, the number of trials could be ordinated by a 

doctor for an optimal recovery process.  

5.2 Longer Sessions 

Another interesting pattern can be seen in session S3s2, which contained significantly more 

trials than the other sessions. It showed a second peak or stabilizing point at around trials 160-

200, which could imply that the accuracy is somewhat periodic. This alone is not an argument 

in favor of increasing the session length, since no significant benefit would be obtained, but it 

definitely prompts further inquiry into the matter and future tests of the accuracy with 

increased session length. 

If tailoring of the sessions were to be done, this study then points to a protocol where a few, 

longer sessions are completed in the beginning of the experiment. The approximate time for 

peaks or stabilizing points could then be extracted from this data. If a large number of sessions 

were to be performed, it would be of interest to observe how the trends in peak or stabilizing 

point time varied as more sessions were completed. It is not certain, and maybe even 

improbable, that this calibration of optimal session length would hold for a more extensive 

experiment with many dozens of sessions. 

5.3 Evaluation of Methodology 

Considering the low accuracies of certain sessions and that the accuracies of the best sessions 

were lower than the benchmark [2], there is certainly room for improvement in the 

classification process. Other classifiers than an SVM may be more suited to the problem at 

hand. Data partitioning, the handling the time aspect and the voting system of the SVMs could 

be revised and developed further. Naturally, more precise results could be obtained with 

larger data sets. For example, the training and testing strategy utilized in this study involved 

two sessions A and B for each subject. We trained with A and tested on B and vice versa, which 

could result in a bias or some correlation of results. A better way would perhaps be to have a 

third session C that only is for testing, having two classifiers trained on A and B respectively 

and then have both evaluated by testing on session C. We think that it is particularly important 

to have C being a session of the same subject as A and B. 

As mentioned, it would be interesting to analyze longer sessions and find out more about long 

time patterns. However, the point of this study is to find a session length as short as possible 

and so that is arguably not within our scope. 
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Important to mention is that the recommendations made in this study are based on analysis 

of experiments utilizing the basket paradigm. It is therefore most probable that these results 

will be relevant for similar experiments. It would be an interesting further research topic to 

investigate if other experiments can reduce session duration. Another thing that needs to be 

taken into consideration if implementing this in future experiments is that this recommended 

interval is optimized for our choice of method. This includes classifying procedure and choice 

of machine learning algorithm. We chose a linear SVM as a learning model that is reported to 

be relatively robust to overtraining [21]. We can only speculate that other choices of non-

robust classifying methods may be unfit for these intervals. 
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6 Conclusion 
A decrease in session length would be beneficial for the subjects in terms of cognitive fatigue, 

and could perhaps even boost the accuracy of the results. In order to be able to decrease the 

session length, it must be ascertained that the future data that are omitted does not have a 

significant impact on the accuracy. The general trend of the results suggests that this is the 

case. The research question was formulated as to see if there existed consistent patterns 

suggesting that the performance of a subject would drop or sufficiently saturate towards the 

end of a session. Indeed, both of these patterns were found in the data - the accuracy either 

peaked or stabilized at around 40-120 trials for almost all the sessions and the average of all 

the results also followed this trend. There are several parameters causing this large span, an 

important one being the resistivity to fatigue among different subjects. We concluded that 

because of this, certain experiments could tailor session length to each subject. In other cases 

where this can be practically difficult, the session length can be set to between 80-120 trials 

for optimizing the performances of the BCIs. We emphasize, however, that this recommended 

interval is highly dependent on methodology and further research is needed to affirm our 

conclusion under different conditions. 
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Appendix 
Following are box plots and corresponding multiple comparisons of the Kruskal-Wallis test for 

both sessions of all subjects, as well as of an average of all ten sessions. The box plots have 

been partitioned into sizes of 20, except for the last partition that varies between 14-20 data 

points on a session-to-session basis. Note that the different box plots have different numbers 

of boxes because of the different length of the sessions. The plots for the individual sessions 

have been labeled only with corresponding data sets but represent the same analysis that is 

described for the averaged data set. 

Grand Average 

 

Figure A1. Box plot of the grand average of session performances. For example, partition 3 
corresponds to the performance of a classifier that has been trained on a session that is 
between 41-60 trials long. Important to note is that the sessions differ in length; not all sessions 
affect the mean in the last two partitions since those trials do not exist in all sessions. 
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Table A1. ANOVA table of the Kruskal-Wallis test for the average. Notice that the p-value of 
the test is close to zero. 

Source SS df MS Chi-sq Prob>Chi-sq 

Columns    251105.4      7    35872.2    116.97    3.2657e-22 

Error       90214.1    152      593.5                          

Total      341319.5    159                                     

 

Figure A2. Multiple comparison on the Kruskal-Wallis test of the partitions of the averaged 
data set. The blue line in focus corresponds to the partition that has the greatest expected 
mean value, in this case partition 6 (sessions with 101-120 trials). The red lines correspond to 
the partitions that are, pairwise, significantly different than the partition with maximum. The 
gray lines correspond to partitions that overlap with the maximum partition. This means that 
it is invalid to reject the null hypothesis that the blue and pairwise any of the gray partitions 
are dissimilarly distributed. 
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Average of Stabilizing Sessions 

 

Figure A3. Box plot of the average of the five stabilizing sessions. 

Table A2. ANOVA table of the Kruskal-Wallis test for the average of the five stabilizing sessions. 
Notice that the p-value of the test is close to zero. 

 

 

Figure A4. Multiple comparison for the average of the five stabilizing sessions. 

Source       SS       df      MS       Chi-sq    Prob>Chi-sq 

Columns    275557.8 7 39365.4 131.63 2.87514e-25 

Error      53121.7 150 354.1   

Total                                       328679.5 157    
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Average of Sessions with a Peak 

 

Figure A5. Box plot of the average of the five sessions with a peak. 

Table A3. ANOVA table of the Kruskal-Wallis test for the average of the five sessions with a 
peak. Notice that the p-value of the test is close to zero. 

 

 

Figure A6. Multiple comparison for the average of the five sessions with a peak. 

Source       SS       df      MS       Chi-sq    Prob>Chi-sq 

Columns    237750.6 7 33964.4 110.77 6.36912e-21 

Error      103531.4 152 681.1   

Total                                       341282 159    
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Subject 1 

 

Figure A7. Box plot of performance over time for session S1s1. 

Table A4. ANOVA table of the Kruskal-Wallis test for S1s1. Notice that the p-value of the test 
is close to zero. 

 

 

Figure A8. Multiple comparison for session S1s1. 

Source       SS       df      MS       Chi-sq    Prob>Chi-sq 

Columns    30680.7     4    7670.18    37.04     1.76725e-07 

Error      51321.8    95     540.23                          

Total                                       82002.5    99    
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Figure A9. Box plot of performance over time for session S1s2. 

Table A5. ANOVA table of the Kruskal-Wallis test for S1s2. Notice that the p-value of the test 
is close to zero. 

Source SS df MS Chi-sq Prob>Chi-sq 

Columns        68239.1      6 11373.2     42.1     1.75944e-07 

Error                                157079.4    133 1181      

Total                                       225318.5    139    

 

Figure A10. Multiple comparison for session S1s2. 
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Subject 2 

 

Figure A11. Box plot of performance over time for session S2s1. 

Table A6. ANOVA table of the Kruskal-Wallis test for S2s1. Notice that the p-value of the test 
is close to zero. 

Source                        SS df MS Chi-sq    Prob>Chi-sq 

Groups       168029.5      7 24004.2    86.01     8.13829e-16 

Error        130868   146      896.4                          

Total     298897.5    153                                     

 

 

Figure A12. Multiple comparison for session S2s1. 
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Figure A13. Box plot of performance over time for session S2s2. 

Table A7. ANOVA table of the Kruskal-Wallis test for S2s2. Notice that the p-value of the test 
is close to zero. 

Source            SS       df MS       Chi-sq    Prob>Chi-sq 

Groups       250182.9      7 35740.4    120.79    5.23502e-23 

Error           74988.1    150 499.9                          

Total          325171 157                                     

 

 

Figure A14. Multiple comparison for session S2s2. 
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Subject 3 

 

Figure A15. Box plot of performance over time for session S3s1. 

Table A8. ANOVA table of the Kruskal-Wallis test for S3s1. Notice that the p-value of the test 
is close to zero. 

Source                       SS df MS Chi-sq    Prob>Chi-sq 

Groups       156970.3      7 22424.3    75.71     1.02769e-13 

Error     168528.7    150     1123.5                          

Total     325499      157                                     

 

 

Figure A16. Multiple comparison for session S3s1. 
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Figure A17. Box plot of performance over time for session S3s2. 

Table A9. ANOVA table of the Kruskal-Wallis test for S3s2. Notice that the p-value of the test 
is close to zero. 

Source                        SS df MS Chi-sq    Prob>Chi-sq 

Groups       419777.3      9 46641.9    131.57    5.63138e-24 

Error     202363.7    186     1088                            

Total     622141      195                                     

 

Figure A18. Multiple comparison for session S3s2. 
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Subject 4 

 

Figure A19. Box plot of performance over time for session S4s1. 

Table A10. ANOVA table of the Kruskal-Wallis test for S4s1. Notice that the p-value of the test 
is close to zero. 

Source        SS       df       MS       Chi-sq    Prob>Chi-sq 

Columns      163472.3      6 27245.4    99.61     3.02974e-19 

Error       64649.2    133      486.1                          

Total                                       228121.5    139    

 

 

Figure A20. Multiple comparison for session S4s1. 
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Figure A21. Box plot of performance over time for session S4s2. 

Table A11. ANOVA table of the Kruskal-Wallis test for S4s2. Notice that the p-value of the test 
is close to zero. 

Source                   SS       df MS Chi-sq    Prob>Chi-sq 

Columns     63022.5      5    12604.5    52.42     4.42276e-10 

Error          80045      114   702.1                          

Total      143067.5    119                                     

 

Figure A22. Multiple comparison for session S4s2. 
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Subject 5 

 

Figure A23. Box plot of performance over time for session S5s1. 

Table A12. ANOVA table of the Kruskal-Wallis test for S5s1. Notice that the p-value of the test 
is close to zero. 

Source                         SS df MS Chi-sq    Prob>Chi-sq 

Columns    112380.4      6    18730.1    68.99     6.59477e-13 

Error           114050.6    133 857.5                          

Total           226431 139                                     

 

 

Figure A24. Multiple comparison for session S5s1. 
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Figure A25. Box plot of performance over time for session S5s2. 

Table A13. ANOVA table of the Kruskal-Wallis test for S5s2. Notice that the p-value of the test 
is close to zero. 

Source                          SS df MS Chi-sq    Prob>Chi-sq 

Columns     79819.3      6    13303.2    48.68     8.65424e-09 

Error      148111.7    133     1113.6                          

Total      227931      139                                     

 

Figure A26. Multiple comparison for session S5s2. 
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