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Abstract: Genetic Algorithms (GAs) were used in a previous study to automate
parameter selection for an EEG-based P300-driven Brain-Computer Interface
(BCI). The GA approach showed marked improvement over data-insensitive
parameter selection; however, it required lengthy execution times thereby
rendering it infeasible for online implementation. Automated parameter selection
is retained in this work; however, it is achieved using the less computationally
intensive N-fold cross-validation (NFCV). Additionally, this study sought to
improve BCI classification accuracy using a training data collection and
application protocol that the authors refer to as ‘Intra-session classifier training
and implementation’. Intra-session classifier training and implementation using
NFCV-driven automated parameter selection yielded a classification accuracy
of 82.94% compared to 45.44% for the inter-session approach using datainsensitive parameters. These findings are significant impact since the intrasession protocol can be applied to any P300-based BCI regardless of its
application platform to obtain improved classification accuracy.
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1

Introduction

A Brain-Computer Interface (BCI) is a system that permits users to control external
devices using only their inherent brain activity (Kubler et al., 2006). In the BCI
paradigm, users are mandated to perform a physical or mental task that signifies their
intended command. For example, a BCI user may focus on a directional arrow presented
on a computer screen in order to control a mouse cursor. The performance of representative
mental and physical tasks in the BCI paradigm results in the distinguishable modulation
of a user’s brain activity features. The BCI, through a recording modality such as
Electroencephalography (EEG), identifies this brain feature modulation and uses it to
classify the user’s command.
Common BCI application platforms are cursor control (Trejo et al., 2006), spelling
systems (Wills and MacKay, 2006) and wheelchair navigation (Rebsamen et al., 2007;
Pires et al., 2008). These applications highlight the practical utility of the BCI technology
for the disabled community since they allow environmental interaction and communication
without the need for pre-existing neuromuscular capabilities. The features of brain
activity commonly used for BCI are Visually Evoked Potentials (VEP) (Lin et al., 2006;
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Citi et al., 2008), sensorimotor rhythms (Peters et al., 2001; Krusienski et al., 2007) and
Slow Cortical Potentials (SCP) (Birbaumer et al., 2003). VEPs can be classified into
either the Steady State Visually Evoked Potential (SSVEP) or the P300 VEP. The
SSVEP is manifested as a spike in the EEG’s power spectrum at the flashing frequency
of a stimulus to which the user is observing. The P300 appears as an electropositive peak
in the EEG around 300–600 ms following the observation of a rare, target or deviant
stimulus. In general, the P300 occurs in the 0–8 Hz portion of the frequency spectrum.
For the purposes of BCI, the P300 response is evoked using an oddball paradigm.
The oddball paradigm is a stimulus presentation scheme in which a target stimulus is
delivered amongst more frequently occurring non-target stimuli. In a P300-based BCI,
the target stimulus is the stimulus which represents the user’s command. The other
stimuli, which represent other possible commands, are considered to be non-target.
Therefore, the EEG segment following the presentation of the stimulus which encodes
the user’s command contains the P300. Consequently, the user’s command can be
identified through the inspection of post-stimulus EEG segments for the P300 response.
Pre-processing is implemented in BCI systems in order to attenuate unwanted signal
artefacts that can degrade classification accuracy. Feature extraction is applied prior to
classification to reduce the computational cost of classification and to avert the Hughes
phenomena associated with high-dimensional training data. Both the pre-processing and
feature extraction stages of BCI operation entail parameter selection, for example filter
cut-off frequencies. Parameter selection is usually based on human expertise. However,
the optimal parameter selection strategy for any given BCI arrangement depends on
recording circumstances such as cap placement and subject mood which are difficult to
measure and quantify. This has the ability to make a general parameter selection strategy
made by an expert suboptimal. In this light, it is advantageous to select parameters in an
unbiased manner without the associated subjectivity of a human expert. This study
explores two avenue of data-driven parameter selection, namely Genetic Algorithms
(GA) and N-fold Cross-Validation (NFCV).
Identifying the user’s command from the collected EEG is achieved using pattern
classification. Acquiring the calibration data necessary to tune a BCI to its user is done
by means of a training session (Hoffmann et al., 2008). In a training session, the user
performs a series of tasks that are selected by the BCI. This allows for the acquisition of
labelled training examples which are used for the supervised training of a machine
learning classifier. The BCI classifier obtained in this manner is implemented in a
different session to identify subject commands. This classifier training protocol is
hereafter referred to as Inter-session classifier training. In these subsequent sessions, the
subjects commands are not known to the BCI and can therefore be used to obtain an
unbiased measure of classifier accuracy. However, this approach is problematic.
A classifier obtained from a training session is not just a function of the underlying
brain signals on which the BCI is based but also the experimental circumstances of that
session such as electrode placement, electrode impedances, subject mood, subject
attentiveness and external noise. These variables are difficult to measure, control and
therefore repeat. Implementing a classifier derived from a training session in a subsequent
session is suboptimal with regard to classification accuracy since the classifier free
parameters are likely to be fitted to the experimental circumstances of the training
session. One way to address this issue of suboptimality is to train and implement a
classifier in the same session. This has the ability to significantly improve BCI
classification accuracy. Command misclassifications are detrimental to BCI operation
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since they either result in the execution of the wrong command or they require corrective
action which is time consuming. This paper investigates intra-session classifier training
as a basis for improving P300 classification accuracy compared to the commonly used
inter-session approach.

2

Materials and methods

Four male post-graduate students (S1–S4) between the ages of 18 and 25 each participated
in four sessions of data collection. Subjects S1 and S3 were paid participants and subjects
S2 and S4 were unpaid volunteers. Subjects S1, S2 and S3 attended the University of
Essex at Colchester, UK. Subject S4 attended the University of the West Indies at
St. Augustine, Trinidad.

2.1 Data set description: stimulus presentation paradigm and recording
circumstances
EEG was recorded at 32 sites using the BioSemi™ ActiveTwo system operating at a
recording frequency of 256 Hz. The Graphical User Interface (GUI) used for the
Stimulus Presentation Paradigm (SPP) was coded in MATLAB® 7.8.0.347.
The SPP is presented in Figure 1. The user is presented with a square matrix of 36
alphanumerical characters. This matrix is referred to as the P300 Speller Matrix (Farwell
and Donchin, 1981). The user’s task is to spell the phrase ‘QUICK BROWN FOX
JUMPED OVER THE LAZY DOG’ in a sequential fashion using the Speller Matrix.
The current character to be spelt, referred to as the target character, is explicitly identified
to the user by being highlighted for 2 seconds. The user is instructed to count the number
of times the target character is flashed in the subsequent sequence of stimulus
presentation. Each character of the matrix is subsequently flashed in a random sequence
for 100 ms. A 75 ms blank period, in which no stimulus is flashed, follows the
highlighting of each stimulus. This 75 ms period is known as the Inter-Stimulus Interval
(ISI). The flashing of all 36 elements of the matrix is known as a trial. Five trials of
stimulus presentation are performed for each target letter. The presentation of the total 34
characters is referred to as a session. The hierarchical structure of the resulting total data
set across subjects S1–S4 is expressed in Figure 2.
Figure 1

Single-character P300 speller stimulus presentation paradigm
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Hierarchical structure of data set

2.2 Pre-processing and feature extraction
The 32 channel data set is reduced to an eight-channel subset using the eight EEG
channels P7, P3, P4, P8, FZ, CZ, PZ and OZ. These channels are known to strongly
contain the P300 signal (Hoffmann et al., 2008). Smaller channel sets are beneficial for
BCI operation because they result in lower dimensional feature sets which lessen the
computational load of classifier training and implementation in addition to making the
onset of the Hughes Phenomena (Evangelista et al., 2006; Wu et al., 2009) less likely.
Each EEG channel was forward-reverse filtered using an n-th order digital Butterworth
filter with 3DB cut-off frequencies at 1.5 Hz and 12 Hz. ‘n’ is taken as 3 for the tests that
require data-insensitive parameter selection however ‘n’ is treated as a free parameter to
be optimised using NFCV for the automation of data-driven pre-processing parameter
selection.
Each 500 ms post-stimulus interval is down-sampled by a factor of ‘K’ in order to
produce a single temporal feature set per channel. ‘K’ is taken as 8 for the tests that
require data-insensitive parameter selection however ‘K’ is treated as a free parameter to
be optimised for data-driven feature extraction parameter selection. The temporal feature
sets relating to each channel are then concatenated across the eight selected EEG channel
to create a single spatiotemporal feature vector relating to each 500 ms post-stimulus
EEG segment.

2.3 Classification
The collected spatiotemporal training examples belong to two categories: one contains
spatiotemporal feature vectors relating to target characters; and other contains
spatiotemporal feature vectors relating to non-target characters. This results in a two-
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class classification problem for training. The training examples are used to train a
Fisher’s Linear Discriminant Analysis (FLDA) classifier. Implementing the classifier on
a trial of 36 spatiotemporal vectors yields 36 scalar values. The resulting 36 scalar values
are summed across the five trials for each character. The target character is taken as that
character whose spatiotemporal feature yields the largest resulting trial-wise sum of
scalars on pre-multiplication with the FLDA optimal vector. The chance accuracy of
correctly identifying a target character in this manner is 2.78%.

3

Inter-session and intra-session classifier training and implementation

As aforementioned, four subjects each participated in four sessions of EEG data
collection. Each session entails the delivery of 34 target characters. Each recorded
session was separated into distinct training and test sets. The spatiotemporal feature
vectors corresponding to the first 20 characters of each session form a training set. The
remaining 14 characters form an independent test set which is used to obtain an unbiased
measure of classifier accuracy. Testing a classifier on a test set which is derived from the
same session in which the training set is obtained yields an instant of intra-session
training accuracy. Conversely, testing a classifier on a test set which was derived on a
different set from which the training set is obtained yields an instant of inter-session
training accuracy.

4

N-fold cross-validation

A GA approach for sequential data-driven parameter selection in the feature extraction
and pre-processing stages of BCI operation was investigated. GAs are random search
optimisation techniques inspired by the mechanics of natural selection (Syan and
Harnarinesingh, 2010). The findings of this study are provided in Table 1.
Table 1

Comparison of two-stage genetic algorithm parameter selection for feature extraction
and pre-processing parameters proposal to data-insensitive parameters
Genetic-optimisation

Subject

4-channels 8-channels 16-channels 32-channels

Stage 1

Number of
channels

Stage 2

1

71.53%

64.96%

67.15%

59.12%

59.12%

19

57.66%

2

65.03%

62.94%

60.84%

61.54%

60.84%

17

55.24%

3

27.94%

25.74%

22.06%

24.26%

23.53%

20

22.06%

4

56.12%

43.88%

39.57%

38.85%

33.81%

21

28.06%

6

39.13%

27.54%

28.99%

26.09%

25.36%

14

18.84%

7

44.06%

44.76%

34.27%

32.87%

30.77%

15

38.46%

8

43.70%

24.44%

27.41%

28.15%

27.41%

20

20.74%

9

67.39%

63.04%

61.59%

65.94%

63.04%

18

61.59%

Average

51.86%

44.66%

42.74%

42.10%

40.49%

18

37.83%

Source: Harnarinesingh et al. (2011)
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The two-stage GA approach to channel selection produced an average classification
accuracy benefit of 4.27% whilst averting the need for human input in the parameter
selection process. The GA approach therefore outperformed the general data-insensitive
approach. However, the significant downside to the GA approach is its time-consuming
nature. For example, a GA with a population size of 250 individuals that is set to
terminate after 500 generations entails the evaluation of 125,000 fitness functions. The
execution time of all of the fitness functions in addition to the computational overhead
associated with the evolutionary heuristics of genomic trading, genomic mutation and
sub-population migration is large for even computationally simple fitness functions. This
renders GAs infeasible for online BCIs.
NFCV is utilised in the place of GAs for this work. NFCV is a popular approach in
the BCI field (Lal et al., 2004; Citi et al., 2008). Consider the case where classification
hyper-parameters need to be optimised for a training set. The training set can be split into
a smaller training set and an independent test set. The optimal classification hyperparameter can then be searched by obtaining the parameters that maximise classification
accuracy on the test data. However, searching for a design parameter that maximises
classification accuracy in this manner is likely to result in over-fitting the classifier on the
training set. To address this problem, NFCV separates the entire data set into N segments
and uses every possible segment in both the training and testing roles. This ensures that
the trained classifier cannot be over-fitted to any particular segment of the training data.
Figure 3

Data segmentation for N-fold cross-validation

The algorithmic representation of the determination of NFCV accuracy on a training set
is presented below.
accuracy = 0
for i = 1 to N
train classifier on all segments but segment i
test trained classifier on segment i
accuracy = accuracy + test_accuracy
end for
In this work, feature extraction and pre-processing parameters are discretely searched
using NFCV sequentially in the feature extraction and pre-processing stages by obtaining
the parameters that maximise the ‘accuracy’ variable in the preceding algorithm. Using
NFCV in this manner with an FLDA classifier is a form of meta-optimisation.

4.1 Automated data-driven feature extraction
The only free parameter of the feature-extraction stage which can be tuned to individual
subject data is the down-sampling factor used to down-sample each EEG channel in
order to ultimately produce spatiotemporal features. Fivefold cross-validation is used on
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all 16 training sets to identify the most appropriate down-sampling factor (K) for the
training data, i.e. the down-sampling factor that maximises the fivefold cross-validation
accuracy. The best value of K as identified in the training set using NFCV is then applied
to unseen test data to evaluate the performance of the data-driven parameter proposal. For
subjects S1–S4, this amounts to 64 instances of parameter proposal testing.

4.2 Automated data-driven pre-processing
The free parameter of the pre-processing stage which is tuned to individual subject data
is the order a Butterworth digital filter with 3 dB cut-off frequencies at 1 Hz and 12 Hz.
Fivefold cross-validation is used on all 16 training sets to identify the most appropriate
filter order (n) for the training data, i.e. the filter order that maximises the fivefold crossvalidation accuracy. The down-sampling factor obtained in the first stage of data-driven
parameter selection is used. The best value of n as identified in the training set using
fivefold cross-validation is then applied to unseen test data to evaluate the performance
of the data-driven parameter proposal. For subjects S1–S4, this amounts to 64 instances
of parameter proposal testing.

5

Results

5.1 Comparison of inter-session classifier training and implementation to intrasession classifier training
The classification accuracies due to inter-session and intra-session classifier training and
implementation are presented in Table 2. This analysis was conducted using constant and
data-insensitive parameters for the feature extraction and pre-processing BCI stages
(Hoffmann et al., 2008). This is done in order to isolate the performance benefit due to
the training format from any performance benefit due to automated data-driven system
parameter selection.
Table 2
Training
session

Classification accuracies for subjects S1–S4 using both inter-session and intra-session
classifier training
Testing
session

Classification
accuracy

Classification
accuracy

Classification
accuracy

Classification
accuracy

Subject S1

Subject S2

Subject S3

Subject S4

84.62%

84.62%

53.85%

100.00%

23.08%

69.23%

38.46%

92.31%

7.69%

53.85%

0.00%

92.31%

S4

7.69%

92.31%

38.46%

84.62%

S1

46.15%

38.46%

69.23%

61.54%

38.46%

38.46%

92.31%

100.00%

46.15%

46.15%

53.85%

84.62%

23.08%

53.85%

61.54%

76.92%

S1
S2

S1

S3

S2
S3
S4

S2
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Table 2

Classification accuracies for subjects S1–S4 using both inter-session and intra-session
classifier training (continued)

Training
session

Testing
session

Classification
accuracy

Classification
accuracy

Classification
accuracy

Classification
accuracy

Subject S1

Subject S2

Subject S3

Subject S4

6.67%

92.31%

100.00%

73.33%

S1
S3

S2

40.00%

76.92%

100.00%

66.67%

S3

46.67%

84.62%

93.33%

100.00%

S4

33.33%

100.00%

60.00%

93.33%

S1

40.00%

47.06%

33.33%

33.33%

46.67%

64.71%

20.00%

40.00%

33.33%

58.82%

6.67%

26.67%

46.67%

70.59%

46.67%

80.00%

S2

S4

S3
S4

The average inter-session classification accuracies and the intra-session classification
accuracies for subjects S1–S4 across the 64 training/test session combinations are shown
in Table 3.
Table 3

Average inter-session classification accuracy compared to intra-session classification
accuracy for subjects S1–S4

Training format

Subject 1

Subject 2

Subject 3

Subject 4

Average μ

SD σ

Intra-session

54.11%

69.57%

71.54%

95.00%

72.55%

16.87%

Inter-session

29.49%

66.14%

48.46%

68.80%

53.22%

18.22%

The t-test statistic is obtained using the formula, t = μ1 − μ2

σ2
N1

+

σ2
N2

= 1.5573 (6 dof).

The critical one-tailed t-test statistic at the 90% level is 1.44.

5.2 Automated data-driven feature-extraction
The average classification accuracies for subjects S1–S4 due to NFCV parameter
selection in both the inter-session and intra-session formats are presented in Table 4. The
average classification accuracy due to parameter selection by random chance is given as
well. No pre-processing is applied in this stage. Data-driven pre-processing and feature
extraction parameter selection is done sequentially. It is more appropriate to perform
data-driven feature extraction first since a pre-processing set-up is not required for
data-driven feature extraction. However, a feature extraction stage is needed for preprocessing parameter selection.
The t-test statistic for the comparison of average classification accuracies in
intra-session format due to automated feature extraction parameter selection is
t = t = μ1 − μ2
99% level is 2.75.

σ2
N1

+

σ2
N2

= 3.2856 (30 dof). The critical one-tailed t-test statistic at the
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1

2

3

4
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Average inter-session and intra-session classification accuracy on unseen test data
using N-fold cross-validation of down-sampling factor

Session

1
2
3
4
1
2
3
4
1
2
3
4
1
2
3
4
Average, μ
SD, σ

Average intra-session accuracy
Chance
N-fold
parameter
cross-validation
proposal
parameter proposal
69.23%
53.85%
13.33%
46.67%
100.00%
61.54%
100.00%
82.35%
92.31%
84.62%
100.00%
66.67%
84.62%
100.00%
93.33%
80.00%
76.78%
24.06%

74.99%
38.46%
27.50%
40.00%
92.31%
67.31%
100.00%
63.24%
88.46%
88.47%
96.67%
62.50%
81.73%
85.58%
85.83%
75.83%
73.06%
21.82%

Average inter-session accuracy
Chance
N-fold
parameter
cross-validation
proposal
parameter proposal
35.04%
28.03%
19.49%
8.00%
77.38%
85.67%
57.47%
66.67%
65.99%
61.54%
28.21%
66.49%
18.12%
47.86%
40.00%
75.72%
48.86%
24.02%

30.58%
30.17%
19.40%
8.00%
73.70%
80.58%
62.48%
66.03%
64.55%
61.30%
31.00%
63.23%
31.92%
45.43%
46.45%
68.50%
48.96%
21.51%

5.3 Automated data-driven pre-processing
The average classification accuracies for subjects S1–S4 due to NFCV parameter
selection in both the inter-session and intra-session are presented in Table 5. The average
classification accuracy due to filter order selection by random chance is given as well.
Table 5
Subject

1

2

Average inter-session and intra-session classification accuracy on unseen test data
using N-fold cross-validation of forward-reverse Butterworth filter order
Session

1
2
3
4
1
2
3
4

Average intra-session accuracy
N-fold
cross-validation
parameter proposal
84.62 %
76.92%
33.33%
60.00%
92.31%
61.54%
100.00%
82.35%

Chance
parameter
proposal
79.49%
66.67%
37.78%
55.56%
87.18%
61.54%
92.31%
80.39%

Average inter-session accuracy
N-fold
cross-validation
parameter proposal
39.83%
34.70%
23.93%
24.61%
14.70%
14.70%
7.01%
12.13%

Chance
parameter
proposal
38.46%
35.10%
25.76%
25.53%
13.50%
15.00%
6.38%
12.02%
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Table 5
Subject

3

4

Average inter-session and intra-session classification accuracy on unseen test data
using N-fold cross-validation of forward-reverse Butterworth filter order (continued)
Session

Average intra-session accuracy
Chance
N-fold
parameter
cross-validation
proposal
parameter proposal

1
2
3
4
1
2
3
4
Average, μ
SD, σ

92.31%
84.62%
100.00%
80.00%
92.31%
100.00%
100.00%
86.67%
82.94%
18.14%

82.05%
89.75%
97.78%
64.45%
94.87%
100.00%
100.00%
82.22%
79.50%
17.85%

Average inter-session accuracy
Chance
N-fold
parameter
cross-validation
proposal
parameter proposal
80.00%
72.65%
27.86%
87.52%
58.63%
68.55%
72.65%
87.52%
45.44%
29.16%

76.57%
67.01%
27.12%
72.71%
58.52%
69.29%
67.86%
87.64%
43.65%
27.10%

The t-test statistic for the comparison of average classification accuracies in
intra-session format due to automated pre-processing parameter selection is
t = μ1 − μ 2

σ2
N1

+

σ2
N2

= 4.3677 (30 dof) The critical one-tailed t-test statistic at the

99.9% level is 3.646.

6

Discussion

Intra-session classifier training and implementation was found to provide a classification
accuracy benefit of 19.33% across four subjects in 16 sessions over 64 training/test set
combinations. The performance increase was significant at the 90.00% level of statistical
confidence. NFCV was subsequently used to derive feature extraction and pre-processing
parameters using training data sequentially in two stages. The NFCV parameter
proposals were tested in both the intra-session and inter-session settings. Initially, no preprocessing was implemented and NFCV was used to proposal feature extraction
parameters. The results of this analysis are summarised in Tables 4 and 5.
The feature extraction parameters proposed by NFCV yielded an increase in
classification accuracy in the intra-session format by 4.23%–76.78%. The accuracy due
to parameter selection by random chance is 73.06%. In the inter-session format, NFCV
parameter selection yielded a classification accuracy of 48.86% or a decrease in accuracy
by 4.36%. This is consistent with theoretical expectations since tuning system parameters
to recorded data in the inter-session format is likely to result in over-fitting. The accuracy
due to parameter selection by random chance is 48.96%.
The feature extraction parameters proposed by NFCV on the training data were used
for the second stage of pre-processing parameter selection. The parameters proposed by
NFCV for the pre-processing stage yielded a further increase in classification accuracy in
the intra-session format by 6.16%–82.94%. The accuracy due to parameter selection by
random chance is 79.50%. In the inter-session format, NFCV parameter selection yielded
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a classification accuracy of 45.44% or a further decrease in accuracy by 3.42%. This is in
line with theoretical expectations as tuning system parameters to recorded data in the
inter-session setting are likely to result in over-fitting. The accuracy due to parameter
selection by random chance is 43.65%.
The average classification accuracy due to data-driven system parameter selection in
the intra-session classifier training format is 82.94% compared to 53.22% due to intersession classifier training for constant and data-insensitive system parameters. This
represents an average accuracy benefit of 29.72%. This performance increase is statistically
significant at the 99.9% level of confidence.

7

Conclusion

A genetic algorithm approach to automating BCI parameter selection in the preprocessing and feature extraction stages was investigated. The approach yielded an
average performance benefit of 4.27% compared to the data-insensitive approaches
whilst averting the need for subjective human expertise in the parameter selection
process. GAs however are time consuming and infeasible for online utilisation. In this
light, NFCV was investigated as a basis for automating parameter selection. NFCV
provided a performance benefit of 1.77% whilst significantly reducing the time required
for searching design parameters. NFCV executes in a matter of minutes compared to
hours for GA. Additionally, intra-session classifier training and implementation was
investigated as a means of improving BCI classification accuracy. Using data-insensitive
system parameters, the intra-session protocol provided an average performance benefit of
19.33% compared to the traditional inter-session approach. The inclusion of NFCV as a
basis for automated data-driven parameter selection improved the performance benefit to
29.72%. This result is significant at the 99.9% level of statistical significance. This
finding is significant as intra-session P300-BCI classifier training can be applied to any
P300-based BCI regardless of the existing application platform to obtain improved
classification performance. Furthermore, NFCV automated parameter proposal reduces
the need for subjective human expertise in the parameter selection process whilst also
lending to a marginal improvement in classification accuracy. This contributes to making
BCI development less time consuming.
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