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19.1 Abstract

To analyze the performance of BCI systems, some evaluation criteria must be applied. The

most popular is accuracy or error rate. Because of some strict prerequisites, accuracy is not

always a suitable criterion, and other evaluation criteria have been proposed. This chapter

provides an overview of evaluation criteria used in BCI research. An example from the

BCI Competition 2005 is used to display results using different criteria.

Within this chapter, evaluation criteria for BCI systems with more than two classes

are presented, criteria for evaluating discrete and continuous output are included, and

the problem of evaluating self-paced BCI operation is addressed. Special emphasis is put

on discussing different methods for calculating the information transfer rate. Finally, a

criterion for taking into account the response time is suggested.
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Figure 19.1 Scheme of a BCI. A typical BCI consists of the data acquisition, the feature extraction,

a classification system for combining the feature and generating the feedback, the actual presentation

of the feedback, and a (ideally motivated and cooperating) subject. The subjects receive real-time

feedback to train their own strategy for generating repeatable patterns.

19.2 Introduction

At present, the communication capacity (i.e., information rate) of current BCI systems is

not sufficient for many real-world applications. To increase the information rate, possible

improvements in signal processing and classification must be investigated and compared.

It is reasonable to assume that the quest for the best methods requires efficient evaluation

criteria.

The performance of BCI systems can be influenced by a large variety of methodolog-

ical factors: experimental paradigms and setups that include trial-based (system-paced)

or asynchronous (self-paced) modes of interaction; the type and number of EEG features

(e.g., spectral parameters, slow cortical potentials, spatiotemporal parameters, nonlinear

features); and the type of classifier (e.g., linear and quadratic discriminant analysis, support

vector machines, neural networks, or a simple threshold detection) and the target applica-

tion as well as the feedback presentation. BCI systems can consist of almost any arbitrary

combination of these methods. To compare different BCI systems and approaches, consis-

tent evaluation criteria are necessary.

Which criterion to use depends on what is being evaluated. The highest-level evaluation

studies the operation of useful BCI applications, like the evaluation of a spelling device

or a controlled wheelchair. Here, application-specific tests must be applied. For example,

the operation of a spelling device could be assessed by “letters per minute.” However, a

criterion of “letters per minute” has a different meaning depending on whether the speller

includes word prediction.

The evaluation of BCI systems is also complicated by the fact that most systems include

a feedback loop (see figure 19.1). Each component within this feedback loop can fail.

If one component fails (e.g., bad EEG features, bad classifier, low subject motivation,

or poor feedback presentation), the whole BCI system may not work. If this happens, it

can be very difficult to determine which component caused the problem. To address these
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Class Y N

Y Hits (TP) Misses (FN)

N FA (FP) CR (TN)

Table 19.1 Example of a confusion matrix with two states. If a two-class problem consists of one

active and one passive state, the terms true positives (TP), false negatives (FN), false positives (FP),

and true negative (TN) are used for hits, misses, false activation (FA), and correct rejection (CR),

respectively.

Class 1 2 3 4 Total

1 73 17 7 8 105

2 10 87 3 5 105

3 6 13 74 12 105

4 2 4 7 92 105

Total 91 121 91 117 420

Table 19.2 Example of a Confusion matrix for M = 4 classes. The result is one submission in the

BCI Competition 2005 for Data Set IIIa. More results are available in table 19.3.

difficulties, online and offline analysis must be performed. All of these analyses use criteria

for measuring the performance.

In this chapter, an overview of evaluation criteria used in BCI research is presented

and discussed. Three methods of estimating the information transfer are presented. Cue-

paced BCI data from the last BCI competition is used as an example. The shortcomings

of the most frequently used evaluation criterion—the error rate or accuracy—is discussed

and alternative criteria presented. Evaluation criteria of the response speed of BCIs and

the evaluation of asynchronous BCI data are presented, too. Note, the BioSig project at

http://biosig.sf.net provides a software library that contains the software implementation

of the evaluation criteria presented below.

19.3 The Confusion Matrix

For a M -class classification problem, the results are best described by a confusion matrix.

The confusion matrix shows the relationship between the output classes the user intended

(the true classes) and the actual output of the classifier (i.e., the predicted class). Two

examples of confusion matrices are shown in tables 19.1 and 19.2. If a two-class problem

consists of one active and one passive (no control) state, the terms true positives (TP), false

negatives (FN), false positives (FP), and true negative (TN) are used for hits, misses, false

activation (FA), and correct rejection (CR), respectively (see table 19.1). If the classes all

represent intentional control states, for example, 1 and 2, left and right, or more than two

classes, no special denotation is used for the fields of the confusion matrix (see table 19.2).
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The elements nij in the confusion matrix indicate how many samples of class i have

been predicted as class j. Accordingly, the diagonal elements nii represent the number

of correctly classified samples. The off-diagonal nij represent how many samples of

class i have been incorrectly classified as class j. The total number of samples is N =
∑M

i=1

∑M

j=1
nij . Asymmetrical confusion matrices can be used to reveal a biased classifier.

Despite its advantages, the confusion matrices are rarely presented; usually some summary

statistic (see section 19.4) is calculated and presented. Partly, this can be explained by the

difficulty of comparing two confusion matrices.

19.4 Classification Accuracy and Error Rate

The classification accuracy (ACC) or the error rate (ERR = 1-ACC) are the most widely

used evaluation criteria in BCI research. Nine out of fourteen datasets in the BCI compe-

titions 2003 and 2005 used the accuracy or the error rate as the evaluation criterion. One

possible reason for its popularity is that it can be very easily calculated and interpreted.

However, it is important to note that the accuracy of a trivial (random) classifier is

already 100%/M , (e.g., for M = 2 classes 50% are correct just by chance). If the ACC

is smaller than this limit, an error occurred and further exploration is required. On the

other hand, the maximum accuracy can never exceed 100%. Sometimes, this could be a

disadvantage, especially when two classification systems should be compared and both

provide a result close to 100%.

ACC = p0 =

∑M

i=1
nii

N
(19.1)

The ACC also can be derived from the confusion matrix and has been called the overall

accuracy. Some limitations of accuracy as evaluation criterion are based on the facts that

(1) the off-diagonal values of the confusion matrix are not considered and (2) classification

accuracy of less frequent classes have smaller weight.

19.5 Cohen’s Kappa Coefficient

Cohen’s kappa coefficient κ addresses several of the critiques on the accuracy measure. The

calculation of κ uses the overall agreement p0 = ACC, which is equal to the classification

accuracy, and the chance agreement pe

pe =

∑M

i=1
n:ini:

N2
(19.2)
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with n:i and ni: are the sum of the ith column and the ith row, respectively. Note, n:i/N

and ni:/N are the a posteriori and a priori probability. Then, the estimate of the kappa

coefficient κ is

κ =
p0 − pe

1 − pe

(19.3)

and its standard error σe(κ) is obtained by

σe(κ) =

√

(p0 + p2
e −

∑M

i=1
[n:ini:(n:i + ni:)]/N3)

(1 − pe)
√

N
. (19.4)

The kappa coefficient is zero if the predicted classes show no correlation with the actual

classes. A kappa coefficient of 1 indicates perfect classification. Kappa values smaller than

zero indicate that the classifier suggests a different assignment between output and the true

classes.

Sometimes, the specific accuracy specACC for each class i is calculated, too.

specACCi =
2nii

ni: + n:i

(19.5)

For more details on Cohen’s kappa coefficient, see also Cohen (1960); Bortz and Lienert

(1998); Kraemer (1982). Cohen’s kappa coefficient addresses several of the criticisms of

the accuracy measure: (1) it considers the distribution of the wrong classifications (i.e.,

the off-diagonal elements of the confusion matrix); (2) the frequency of occurrence is

normalized for each class—classes with less samples get the same weight as classes with

many samples; and (3) the standard error of the kappa coefficient easily can be used for

comparing whether the results of distinct classification systems have statistically significant

differences.

If the actual (or the predicated) number of samples are equally distributed across classes,

the chance expected agreement is pe = 1/M , and the Kappa coefficient and the accuracy

are related by the following equalities:

κ =
p0 − pe

1 − pe

=
Mp0 − 1

M − 1
(19.6)

ACC = p0 =
Mκ − κ + 1

M
. (19.7)

The kappa coefficient has been used in Schlögl et al. (2005) and was also the evaluation

criterion for dataset IIIa of the BCI competition 2005 (BCI Competition III (2005a)). The

result of one submission is shown in figure 19.3; the kappa coefficient was calculated for

every point in time across all trials of the test set.
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19.6 Mutual Information of a Discrete Output

One of the ultimate goals of a BCI system is to provide an additional communication

channel from the subjects’ brains to their environment. Therefore, the communication

theory of Shannon and Weaver (1949) can be applied directly to quantify the information

transfer. Based on this idea, several attempts have been suggested.

Farwell and Donchin (1988) calculated the information transfer for M classes as

I = log2 (M). (19.8)

For example, a two-class system can provide one bit, a four-class system can provide two

bits. This information rate assumes an error-free system; it provides an upper limit for a

discrete M -class system. Therefore, this suggestion is not useful for comparing different

BCI systems.

Based on Pierce (1980), Wolpaw et al. (2000a) suggested the following formula for

calculating the information transfer rate for M classes and ACC = p0:

B[bits] = log2 (M) + p0 · log2 (p0) + (1 − p0) log2 (1 − p0)/(M − 1). (19.9)

The formula holds under the following conditions:

(1) M selections (classes) are possible,

(2) each class has the same probability,

(3) the specific accuracy (see section 19.4) is the same for each class, and

(4) each undesired selection must have the same probability of selection.

Often these assumptions are not fulfilled. In the example in table 19.2, the conditions (3)

and (4) are not fulfilled.

The information transfer rate can also be derived from the confusion matrix, which

provides a transition matrix of a communication channel between the input X and the

output Y . The random variable X models the user intention and can take M possible

values according to the selected tasks. The random variable Y models the classifier output

and can take M possible values, or M+1 if the clasifier supports trial rejection. The entropy

H(X) of a discrete random variable is defined as

H(X) = −
M
∑

j=1

p(xj) · log2(p(xj)). (19.10)

Nykopp (2001) derived the information transfer for a general confusion matrix:

I(X;Y ) = H(Y ) − H(Y | X) (19.11)

H(Y ) = −
M
∑

j=1

p(yj) · log2(p(yj)) (19.12)
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with

p(yj) =

M
∑

1=1

p(xi) · p(yj | xi) (19.13)

H(Y | X) = −
M
∑

i=1

M
∑

j=1

p(xi) · p(yj | xi) · log2(p(yj | xi)) (19.14)

I(X;Y ) =
M
∑

i=1

M
∑

j=1

p(xi) · p(yj | xi) · log2(p(yj | xi))−
M
∑

j=1

p(yj) · log2(p(yj)) (19.15)

where I(X;Y ) is the mutual information, p(xi) is the a priori probability for class xi, and

p(yj | xi) is the probability to classify xi as yj .

While the definition in (19.15) is more precise than (19.9), it is not frequently used in

practice because it requires the confusion matrix and the a priori class probabilities. The

prerequisites for (19.9) say p(xi) = 1/M (classes have the same a priori probability),

p(yi | xi) = p0 (accuracy for each class is equal), and for j 6= i is p(yj | xi) =

(1 − p0)/(M − 1) (each undesired selection is equally distributed); accordingly, the

entropies are H(Y ) = log2(M) and

H(Y | X) = −
M
∑

i=1

1/M [p0 · log2(p0) +
∑

j 6=i

(1 − p0)/(M − 1) · log2((1 − p0)/(M − 1))].

It follows that I(X;Y ) = log2(M) + p0 · log2(p0) + (1− p0) · log2((1 − p0)/(M − 1)),

which is equivalent to (19.9). Thus, equation (19.15) is a general version of equation (19.9)

(Kronegg and Pun (2005); Kronegg et al. (2005)).

These criteria have been applied mostly to BCI systems operating on a trial-by-trial

basis. In figure 19.3, these criteria were applied to each sample within the trial, providing

a time course of these criteria.

19.7 Mutual Information of a Continuous output

The criteria in section 19.6 are based on discrete magnitudes of the BCI output. Evaluation

criteria are also needed for continuous magnitudes such as those to move a cursor in the

horizontal or vertical direction. The information content of such continuous output will

affect the subject’s training. BCI experiments with continuous (in time and magnitude)

feedback have been described in Neuper et al. (1999), BCI Competition III (2005b), and

Schlögl (2000a). Thus, quantifying this information content is of crucial interest.

Shannon’s communication theory (Shannon and Weaver (1949)) also is applicable to

these continuous signals. It is reasonable to assume that the BCI output Y is a stochastic

process. Moreover, the output can be decomposed into a signal component X and a noise

component Z. The signal component X is due to the will or deliberate action of the
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Criterion Measure Class 1 Class 2 Class 3 Class 4

Error 22.4 %

Accuracy 77.6 %

Specific Accuracy 74.5 77.0 75.5 82.9

Kappa 0.70 ± 0.05

I(Wolpaw) 0.88 bit

I(Nykopp) 0.92 bit

I(Continous) 1.24 bit 0.30 0.28 0.31 0.35

max. STMI 0.64 bit/s 0.21 0.18 0.14 0.14

SNR 0.51 0.48 0.53 0.63

Parametric correlation 0.67 0.69 0.68 0.77

Rank correlation 0.67 0.69 0.68 0.77

AUC 0.85 0.87 0.87 0.88

Table 19.3 Summary results. The results are derived from the time point with the largest κ at

t = 6.80s. The one-versus-rest results for each class are presented for the two-class criteria. The

time courses are shown in figure 19.3.

user, as it contains the user’s intention; the second component contains all uncorrelated

(noise) terms Z including the background brain activity, amplifier noise, etc. Implicitly,

it is assumed that the subject was motivated and deliberately performed the mental task.

If the subject was not cooperative, the subject’s activity would be counted as background

noise. The signal component can be obtained from the correlation between the output and

the actual class labels (intentional state); the noise is the component of the output that does

not contain any class-related information. Note, the signal and the noise are uncorrelated

and provide an additive noise model (see also Schlögl et al. (2002, 2003)).

According to communication theory, the entropy of the output H(Y ) is the sum of the

entropy of the input H(X) and the entropy of the (additive) noise H(Z). In other words,

the difference between the entropies of the output and the noise is the entropy of the input.

This entropy difference is also the mutual information between the input and the output,

also called the information transfer I(X;Y ). That is, the mutual information is the amount

of information that can be interfered with from the output.

The mutual information is

I(X;Y ) = H(X) − H(X|Y ) (19.16)

and can be alternatively written as

I(X;Y ) = H(Y ) − H(Y |X). (19.17)

The next step consists of estimating the entropy H(X) of a stochastic process X . The

entropy of a stochastic process with the probability distribution p(x) is

H(x) =

∫

x

p(x)log(p(x)). (19.18)
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Accordingly, the probability density of X must be known. The probability density can

be obtained empirically from the histogram of X . However, if the number of samples

is too small, it is reasonable to use second order statistics only; in this case, only the

mean and variance have to be estimated, assuming all higher order moments are zero.

This corresponds to the assumption of a Gaussian distribution.

The entropy of a Gaussian process with variance σ2
x is (Rieke et al. (1999) Appendix 9,

pp. 316–317)

H(X) =
1

2
log2 (2πeσ2

x). (19.19)

The entropy of the noise component H(Y | X) is based on within-class variance

σ2
withinclass (the variance when the input X , i.e., the class c, is fixed) of the system output.

The entropy of the total process H(Y ) is based on the total variance σ2
total of the output.

The difference in entropy indicates the information of the input X transferred to the output

Y .

I(X,Y ) = H(Y ) − H(Y | X) (19.20)

=
1

2
log2 (2πeσ2

total) −
1

2
log2 (2πeσ2

withinclass) (19.21)

=
1

2
log2 (

σ2
total

σ2
withinclass

) (19.22)

The mutual information indicates the input information that passes through a noisy com-

munication channel and can be obtained at the output.

The above formula can be rewritten such that the total variance is the sum of the noise

(i.e., within-class) variance and the signal variance, assuming that noise and signal are

uncorrelated. Accordingly, we get

I = H(Y ) − H(Y | X) =
1

2
log2 (

σ2
signal + σ2

noise

σ2
noise

) =
1

2
log2 (1 + SNR) (19.23)

whereas

SNR =
σ2

signal

σ2
noise

=
σ2

total

σ2
noise

− 1 (19.24)

indicates the signal-to-noise ratio.

Intuitively, the SNR also can be obtained visually, comparing the means and the vari-

ances of the output for each class. This approach has been proposed for evaluating cue-

based BCI with two classes (i.e., intentional control states) with a continuous output

(Schlögl (2000a); Schlögl et al. (2002, 2003)). For the interpretation of M -states, M dis-

criminant functions are obtained (using a one-versus-rest scheme), and each provides a

continuous output for which the mutual information can be obtained. The total amount of

information can be obtained by summing up the mutual information of the M one-versus-

rest outputs. This approach has been used in figure 19.3 for four-class data. Accordingly, it

is also possible to extend this approach toward M classes.
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Figure 19.2 Paradigm used for the experiment in BCI Competition III (2005a). Results are shown

in figure 19.3.

19.8 Criteria for Evaluating Self-Paced BCI Data

The previous criteria usually are applied to system outputs obtained in individual trials

sychronized to an external “go-now” cue. As such trial-based analysis has been referred to

as synchronous, cue-paced, or intermittent analysis. The results in figure 19.3 and tables

19.2 and 19.3 were obtained in this way.

For certain applications, we want subjects to operate the BCI in a self-paced (or asyn-

chronous) mode. To support this, the BCI system is specially designed to produce out-

puts in response to intentional control as well as periods of no control (Mason and Birch

(2000)). For investigations of self-paced control, we need to identify the subject’s intention

to control at arbitrary times and distinguish it from periods of no control. Thus, we need

to evaluate the continuous (nonstop) data stream produced by the BCI. The terms asyn-

chronous, self-paced, and continuous analysis have been used for this kind of evaluation.

(Remark: In this context the term continuous is used differently than in section 19.7, where

we used the terms continuous in magnitude and continuous in time within a trial).

Unlike intermittent analysis, where the timing of intended control is tied to experimental

cues, the identification of the intended output in continuous (nonstop) analysis is more

problematic. The intended output is often estimated from observations of the subject’s

behavior in relation to the experimental protocol or through subject self-report. This can

result in fuzzy time estimates, which impact the analysis. There is no strict algorithm for

defining the intended output sequence, and it remains up to the experimenter how to do this.

In any case, the method used to define the intended output sequence is essential information

and should be accurately reported in research papers.

19.8.1 HF-Difference

The University of Michigan group has developed a validation criterion for continuous

analysis called the HF-difference (Huggins et al. (1999)). The HF-difference is a cost

function that combines the likelihood of event detection and the accuracy of detected

events. The HF-difference has been used only in a single-event state-versus-idle/no-control

state discrimination task. The HF-difference is created by subtracting a false detection

percentage (F ) from a hit percentage (H). H is the percentage of events that are detected

within specified timing constraints. F is the percentage of detections that are not correct

and therefore is a measure describing the trustworthiness of the detections produced by
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Figure 19.3 Time course of various evaluation criteria. The accuracy and kappa (a), the area-under-

the-curve for each of the four one-versus-rest evaluation (b), Wolpaw’s and Nykopp’s discrete mutual

information together with the sum of the continuous mutual information (c), and the continuous

mutual information for each of the one-versus-rest evaluation together with its sum (d), the “steepness

of mutual information” I(t)/(t − t0, for the continuous “C,” Nykopp’s “N” and Wolpaw’s “W”

formula (e), and finally the parametric correlation coefficient (f) are shown. Before cue-onset (at

t0 = 3s), no separability is observed, the accuarcy is 1/4=25%, kappa is 0, AUC is 0.5, I=0 bit, and

the correlation is 0. After the cue onset, the separability increases.
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the method. The H and F percentages are subtracted to produce the HF-difference, which

varies between 100 percent for perfect detection and -100 percent. Equal weighting of the

H and F metrics are used typically.

The hit rate H (also called Sensitivity Se or Recall) is defined as

H = Se =
TP

TP + FN
. (19.25)

The false detection rate F is defined as

F =
FP

TP + FP
. (19.26)

Note, 1 − F (also called the positive predictive value or Precision Pr) is not the same

as the specificity (Sc = TN
TN+FP

). In asynchronous mode, the specificity Sc cannot

be obtained because the number of true negatives TN is not defined. In the field of

information retrieval (Rijsbergen (1979)), the harmonic mean of Precision and Recall

is called the F1-measure

F1 = 2
Se · Pr

Se + Pr
=

2 · TP

2 · TP + FN + FP
. (19.27)

In the field of BCI research, the Hit/False–difference has been more used widely and is

defined as

HFdiff = H − F =
TP

TP + FN
− FP

TP + FP
= Se + Pr − 1. (19.28)

Computing false detections in this way emphasizes the operational cost of false positives

(to the user of the interface) more than sample-based metrics. For example, suppose a 100-

second segment of data sampled at 200 Hz and containing 20 event triggers was used as

the test data and a detection method produced 20 detections, of which 10 were wrong.

With a sample-by-sample classification, 10 false detections in 100 s would yield a false

positive rate of 10/(100 * 200) = 0.05%, giving a false sense of confidence in a method that

was wrong half the time. However, the HF-difference calculation would produce an H of

50% (half of the events detected), an F of 50% (half of the detections incorrect) and an

HF-difference of 0.

On the other hand, the HF-difference ignores important timing characteristics such as

the time over which the measurement was made and the time between events. So, while

the same HF-difference may describe the performance for 5 events over a 10 second period

and over a 10 minute period, this level of performance over the longer period means a much

larger number of correctly classified nonevent samples. Further, the HF-difference formula

does not specify the criteria by which a detection is classified as a hit or a false detection,

allowing the adjustment of these criteria for the particular application under consideration.

As a cost function, the HF-difference provides a user-centered evaluation criteria. How-

ever, HF-difference values can be directly compared only when the criteria used to define

a hit are the same and over data with similar event spacing.
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19.8.2 Confusion Matrix for Self-Paced Data

Because of the limitations of the HF-difference and the lack of an alternative, there is

currently no commonly accepted criterion available for evaluating self-paced BCI data. An

important step toward such a standard is the paper of Mason et al. (Submitted) defining

the relevant terms and providing some cornerstones for such criterion. Currently, there are

two approaches under consideration—both are confusion matrices (Mason et al. (2005b)).

In the first approach, the confusion matrix is obtained on a sample-per-sample basis. Each

sample of the BCI output is compared with the label of the intended output for that sample.

The second approach is a transition-based confusion matrix. Each transition of the BCI

output is compared to the intended output to determine whether it is a desired or undesired

transition. Currently, there is no consensus on how to create the confusion matrix and the

issue is an ongoing research topic.

19.9 Other Criteria

19.9.1 Receiver-Operator Characteristics (ROC)

There are several other criteria that can be used; one is the receiver-operator characteristics

(ROC) curve. The ROC curve obtained by varying the detection threshold and plotting the

Sensitivity (fraction of true positives) versus 1 − Specificity (fraction of false positives).

Several summary statistics can be derived from ROC curves. A-prime (A′) and d-prime

(d′) describe the separability of the data and are based on a detection threshold (Pal

(2002)), whereas no detection threshold is needed for the area under the (ROC) curve

AUC. ROC curves also have other interesting properties (for more details, see Stanislaw

and Todorow (1999)). ROC-based criteria have been used for evaluating different artifact

detection methods (Schlögl et al. (1999a,b)), in the BCI competition 2005 for feature

selection (Lal et al. (2005a)), and by Rohde et al. (2002) for self-paced evaluation using

AUC for comparing different detectors and for selecting detection thresholds.

19.9.2 Correlation Coefficient

The correlation coefficient is used sometimes for feature extraction or for validation. The

Pearson correlation (i.e., the parametric correlation) is defined as

r =

∑

i (yi − ȳ)(xi − x̄)
√

(
∑

i (yi − ȳ)2)(
∑

i (xi − x̄)2)
(19.29)

where xi is the class label, yi is the output value, and x̄i and ȳi denote the mean values

of xi and yi, respectively. Alternatively, the rank correlation is computed by replacing the

sample values xi and yi by its ranks rank(xi) and rank(yi) (19.29). The rank correlation

should be used for non-Gaussian data, while for Gaussian data the parametric correlation

is recommended. The correlation coefficient r can range from −1 to 1 with an r = 0

indicating no correlation between the output and the class label. The time courses of the
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parametric and the rank correlation are presented in figure 19.3. The squared correlation

coefficient r2 has been used by Wolpaw’s group (Wolpaw et al. (2000b)) for selecting the

electrode position and the frequency band. The correlation coefficient can be computed for

two classes, and also for more classes if the classes are ordered (e.g., if more than two

target classes are available on a one-dimensional scale). The dataset used in table 19.2

and figure 19.3 does not provide such an ordering; therefore, the results of the two-

class correlation coefficient are presented only for each of the individual one-versus-rest

comparisons.

19.9.3 Evaluation of continuous-input and continuous-output systems

So far, all the presented evaluation criteria require a discrete target class for reference.

However, BCI systems with continuous output information have been developed recently

by groups such as Donoghue et al. at Brown University (Gao et al. (2003b); Wu et al.

(2004a, 2005)). Within the evalution of these systems, the task of the subject is to track a

target in a two-dimensionsional space. The reference information (the 2D position of the

target) as well as the BCI output are continuous variables. For the evaluation of this type

of BCI system, the mean squared prediction error (MSE)

MSE = 1/N ·
N

∑

t=1

((xt − x̂t)
2 + (yt − ŷt)

2) (19.30)

and the correlation coefficient in the x and y direction have been used

CCx =

∑

i (xi − x̄)(x̂i − ¯̂x)
√

(
∑

i (xi − x̄)2)(
∑

i (x̂i − ¯̂x)2)
(19.31)

CCy =

∑

i (yi − ȳ)(ŷi − ¯̂y)
√

(
∑

i (yi − ȳ)2)(
∑

i (ŷi − ¯̂y)2)
(19.32)

in several works (Gao et al. (2003b); Wu et al. (2004a, 2005)) for comparing different

decoding algorithms. Here, (x, y) and (x̂, ŷ) indicate the position target and the output,

respectively. Note, the correlation coefficient here is the same in (19.29), only the symbols

are used differently. Here, the two-dimensional input and output are denoted by (x, y) and

(x̂, ŷ), respectivly; in (19.29), the one-dimensional input and ouput are denoted by x and

y, respectively.

However, they recommend the MSE over the correlation coefficients, because “MSE

is more meaningful for prosthetic applications, where the subjects need precise control of

cursor positions; [they] observed decoding results with relatively high correlation coeffi-

cients that were sometimes far from 2D hand trajectory” (Wu et al. (2005)(pp. 93–94)).

19.9.4 Response Time

The previous paragraphs were dedicated to evaluation criteria that measure the separability

of the data (through accuracy, mutual information, etc.). However, what happens if the
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perfect data processing method has been developed, but the result is obtained one hour

after the subject actually performed the action? Even if we could speed up the method to a

one-minute delay, the BCI will not be accepted by users. In other words, the response time

is also a crucial parameter in assessing the performance of a BCI.

To take into account not only the separability but also the response time, the maximum

steepness of the mutual information has been used as the evaluation criterion in BCI

Competition III (2005b).

STMI(t) =
I(t)

t − t0
(19.33)

whereas t0 is the time for the cue onset and I(t) is the continuous mutual information.

The maximum mutual information is the slope of that tangent on the curve I(t) that goes

through point (t, I) = [t0, 0].

The results in figure 19.3 provide some information about time course of the detection

accuracy. The data were recorded according to a cue-based paradigm (figure 19.2) with the

cue presented at time t0 = 3s; afterward the separability (figure 19.3) increases up to a

maximum time t = 7.0s giving a response time of 4.0s for optimum accuracy. However,

the maximum steepness of 0.64bit/s is obtained at t = 4.2s.

The steepness can also be calculated for any other criterion; for the BCI competition, the

steepness of the mutual information was chosen because the mutual information provides

a smooth curve and is, therefore, most suitable.

The BCI system with the largest maximum steepness provides the fastest and most

accurate feedback at the output. The steepness will be especially useful for investigating

signal processing and feature extraction methods. For example, it can be used to identify

the optimum window length (trade-off between estimation accuracy and delay time).

Furthermore, the steepness of the mutual information also provides an upper limit of the

theoretical information transfer rate (amount of information per time unit) of a specific BCI

design.

19.10 Discussion

Three approaches (19.9), (19.15), and (19.23) for estimating the mutual information have

been described. The first approach uses the (overall) accuracy, the second approach uses

the confusion matrix to estimate the mutual information, and the third approach evaluates

the information content of the continuous output. All approaches were derived from the

communication theory of Shannon and Weaver (1949). The differences in the results (see

figure 19.3 and table 19.3) are due to different a priori assumptions, which are not always

fulfilled. Especially (19.9) has some strong preconditions (e.g., equal distribution of wrong

classifications), which are rarely fulfilled. Consequently, methods taking into account the

whole confusion matrix should be preferred in case of a discrete output. For the evaluation

of continuous BCI output, the mutual information for continuous output is recommended;

it does not require thresholding, and the magnitude information is taken into account. The

derivation of the equations also points out the possibility of a more refined analysis, for
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Criterion Units # classes min/chance/max Threshold

required

ERR % M 0/ M−1

M
100%/100% YES

ACC % M 0/ 100%

M
/100% YES

Kappa [1] M -1/0/1 YES

IWolpaw [bit] M 0/0/ log2 (M) YES

INykopp [bit] M 0/0/ log2 (M) YES

IContinuous [bit] 2, M1 0/0/ inf NO

STMI [bit/s] 2 0/0/ inf NO

SNR 1 2 0/0/ inf NO

Correlation r [1] 2, M2, cont.4 −1/0/1 NO

AUC [1] 2 0/0.5/1 NO

A′ [1] 2 0/0.5/1 YES

d′ [1] 2 − inf /0/ inf YES

F1 [1] 2 0/0.5/1 YES

HF-diff % 13 -100%/-/100% YES

MSE [cm2] cont.4 NO

Table 19.4 Overview of evaluation criteria. The # classes column indicates whether the criterion

is suitable for a two-class or for an M -class problem. Nevertheless, the two-class criteria also can

be applied to each class of an M -class problem if each class is evaluated against the rest (one-vs.-

rest scheme). The column min/chance/max indicates the range (min/max) and the result of a chance

classification. The threshold column indicates whether a known threshold value is necessary (YES)

or if the performance can be computed without determining a certain threshold (NO).
1The mutual information for continuous output is defined by two classes, and can be extended to M
classes by summing up the information of each 1-vs.-rest output. 2The correlation coefficient r can

be applied to M > 2 classes only if the classes can be ordered such that c1 < c2 < · · · < cM . 3The

HF − diff is used for evaluating one active state versus a resting state. 4The reference information

is not discrete but continuous, no class information but, e.g., target trajectory is provided.

example, the assumption of Gaussianity can be replaced by more accurate estimates of the

actual output distribution.

Although evaluation criteria have not received much attention in BCI research, com-

plete definitions, further discussion, and sound application of these criteria will improve

the overall evaluations of BCI systems. To simplify the usage of various criteria, the soft-

ware implementation of the evaluation criteria is available through the BioSig project

http://biosig.sf.net/.

Notes

E-mail for correspondence: alois.schloegl@tugraz.at
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Birbaumer, N., A. Kübler, N. Ghanayim, T. Hinterberger, J. Perelmouter, J. Kaiser,

I. Iversen, B. Kotchoubey, N. Neumann, and H. Flor. 2000. The thought translation

device (TTD) for completly paralyzed patients. IEEE Transactions on Rehabilitation

Engineering 8(2):190–193.

Birbaumer, N. and R. F. Schmid. 2006. Biologische psychologie, chapter Methoden der

Biologischen Psychologie, 483–511. Berlin: Springer, 6 edition.

Birbaumer, N., R. Veit, M. Lotze, M. Erb, C. Hermann, W. Grodd, and H. Flor. 2005.

Deficient fear conditioning in psychopathy: a functional magnetic resonance imaging



444 References

study. Archives of General Psychiatry 62(7):799–805.

Birch, G. E., Z. Bozorgzadeh, and S. G. Mason. 2002. Initial on-line evaluations of the LF-

ASD brain-computer interface with able-bodied and spinal-cord subjects using imagined

voluntary motor potentials. IEEE Transactions on Neural Systems and Rehabilitation

Engineering 10(4):219–224.

Birch, G. E., P. D. Lawrence, and R. D. Hare. 1993. Single-trial processing of event-related

potentials using outlier information. IEEE Transactions on Biomedical Engineering 40

(1):59–73.

Birch, G. E., S. G. Mason, and J. F. Borisoff. 2003. Current trends in brain-computer

interface research at the Neil Squire Foundation. IEEE Transactions on Neural Systems

and Rehabilitation Engineering 11(2):123–126.

Birch, G. E., J. R. Watzke, and C. Bolduc. 1995. Research and development of adaptive

equipment for persons with significant disabilities and the elderly; activities conducted

by the Neil Squire Foundation. Technology and Disability 4:169–173.

Bishop, C. M. 1995. Neural networks for pattern recognition. Oxford, UK: Clarendon

Press.

Blanchard, G. and B. Blankertz. 2004. BCI competition 2003 – data set IIa: Spatial

patterns of self-controlled brain rhythm modulations. IEEE Transactions on Biomedical

Engineering 51(6):1062–1066.

Blanchard, G., M. Sugiyama, M. Kawanabe, V. Spokoiny, and K.-R. Müller. 2006. In

search of non-Gaussian components of a high-dimensional distribution. Journal of

Machine Learning Research 7:247–282.

Blankertz, B. 2003. BCI Competition 2003 results (Web page).

http://ida.first.fhg.de/projects/bci/competition ii/results/.

Blankertz, B. 2005a. BCI Competition III results (Web page).

http://ida.first.fhg.de/projects/bci/competition iii/results/.

Blankertz, B. 2005b. BCI Competitions. Web page.

http://ida.first.fhg.de/projects/bci/competitions/.

Blankertz, B., G. Curio, and K.-R. Müller. 2002. Classifying single trial EEG: towards

brain computer interfacing. In Advances in Neural Information Processing Systems

(NIPS 01), edited by T. G. Diettrich, S. Becker, and Z. Ghahramani vol. 14: 157–164,

Cambridge, Mass. The MIT Press.

Blankertz, B., G. Dornhege, M. Krauledat, K.-R. Müller, and G. Curio. 2005. The

Berlin Brain-Computer Interface: report from the feedback sessions. Technical Report 1,

Fraunhofer FIRST.

Blankertz, B., G. Dornhege, M. Krauledat, K.-R. Müller, V. Kunzmann, F. Losch, and

G. Curio. 2006a. The Berlin Brain-Computer Interface: EEG-based communication

without subject training. IEEE Transactions on Neural Systems and Rehabilitation

Engineering 14(2):147–152.

Blankertz, B., G. Dornhege, S. Lemm, M. Krauledat, G. Curio, and K.-R. Müller. 2006b.

The Berlin Brain-Computer Interface: Machine learning based detection of user specific



References 445

brain states. Journal of Universal Computer Science 12(6):581–607.
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chapter 6: Übereinstimmungsmaße für subjektive Merkmalsurteile, 265–270. Berlin

Heidelberg: Springer.

Boser, B. E., I. M. Guyon, and V. N. Vapnik. 1992. A training algorithm for optimal

margin classifiers. In Proceedings of the 5th Annual ACM Workshop on Computational

Learning Theory, edited by D. Haussler: 144–152.

Brain-Computer Interface Technology: Theory and Practice—First International Meet-

ing Program and Papers. 1999. Wadsworth Center Brain-Computer Interface Project.

Brain-Computer Interface Technology: Third International Meeting. 2005. Rensse-

laerville, New York. June 14-19.

Branchaud, E., J. G. Cham, Z. Nenadic, R. A. Andersen, and J. W. Burdick. 2005. A

miniature robot for autonomous single neuron recordings. In Proceedings of the 2005

IEEE International Conference on Robotics and Automation vol. 2: 5352–5355 Vol. 7.

IEEE.

Braun, C., R. Schweizer, T. Elbert, N. Birbaumer, and E. Taub. 2000. Differential activation

in somatosensory cortex for different discrimination tasks. Journal of Neuroscience 20

(1):446–450.



446 References

Braun, C., M. Staudt, C. Schmitt, H. Preissl, N. Birbaumer, and C. Gerloff. submitted.

Crossed cortico-spinal motor control after capsular stroke. Journal of Neurophysiology.

Breiman, L., J. Friedman, J. Olshen, and C. Stone. 1984. Classification and regression

trees. Wadsworth.

Britten, K. H., W. T. Newsome, M. N. Shadlen, S. Celebrini, and J. A. Movshon. 1996.

A relationship between behavioral choice and visual responses of neurons in macaque

MT. Visual Neuroscience 13(1):87–100.

Britten, K. H., M. N. Shadlen, W. T. Newsome, and J. A. Movshon. 1992. The analysis of

visual motion: a comparison of neuronal and psychophysical performance. Journal of

Neuroscience 12(12):4745–4765.

Brockwell, A. E., A. L. Rojas, and R. E. Kass. 2004. Recursive Bayesian decoding of motor

cortical signals by particle filtering. Journal of Neurophysiology 91(4):1899–1907.

Bronstein, M. M., A. M. Bronstein, M. Zibulevsky, and Y. Y. Zeevi. 2005. Blind

deconvolution of images using optimal sparse representations. IEEE Trans Image

Process 14(6):726–736.

Brookings, J. B., G. F. Wilson, and C. R. Swain. 1996. Psychophysiological responses to

changes in workload during simulated air traffic control. Biological Psychology 42(3):

361–377.

Brunner, C., B. Graimann, J. E. Huggins, S. P. Levine, and G. Pfurtscheller. 2005. Phase

relationships between different subdural electrode recordings in man. Neuroscience

Letters 375(2):69–74.

Brunner, C., R. Scherer, B. Graimann, G. Supp, and G. Pfurtscheller. In revision. Online

control of a brain-computer interface using phase synchronization. IEEE Transactions

on Biomedical Engineering.

Bunce, S. C., M. Izzetoglu, K. Izzetoglu, B. Onaral, and K. Pourrezaei. 2006. Functional

near-infrared spectroscopy. IEEE Engineering in Medicine and Biology Magazine 25

(4):54–62.

Burges, C. J. C. 1998. A tutorial on support vector machines for pattern recognition. Data

Mining and Knowledge Discovery 2(2):121–167.

Buttfield, A., P. W. Ferrez, and J. d. R. Millán. 2006. Towards a robust BCI: error recog-

nition and online learning. IEEE Transactions on Neural Systems and Rehabilitation

Engineering 14(2):164–168.

Cacace, A. T. and D. J. McFarland. 2003. Spectral dynamics of electroencephalographic

activity during auditory information processing. Hearing Research 176(1–2):25–41.

Caminiti, R., P. B. Johnson, and A. Urbano. 1990. Making arm movements within different

parts of space: dynamic aspects in the primary motor cortex. Journal of Neuroscience

10(7):2039–2058.

Campbell, C. and K.P. Bennett. 2001. A linear programming approach to novelty detection.

In Advances in Neural Information Processing Systems (NIPS 00), edited by T.K. Leen,

T.G. Dietterich, and V. Tresp vol. 13: 395–401, Cambridge, Mass. The MIT Press.



References 447

Cardoso, J.-F. and A. Souloumiac. 1993. Blind beamforming for non gaussian signals.

IEE Proceedings-F. 140(46):362–370.

Carmena, J. M., M. A. Lebedev, R. E. Crist, J. E. O’Doherty, D. M. Santucci, D. F.

Dimitrov, P. G. Patil, C. S. Henriquez, and M. A. Nicolelis. 2003. Learning to control a

brain-machine interface for reaching and grasping by primates. PLoS Biology 1(2):E42.

Carter, C. S., T. S. Braver, D. M. Barch, M. M. Botvinick, D. Noll, and J. D. Cohen. 1998.

Anterior cingulate cortex, error detection, and the online monitoring of performance.

Science 280(5364):747–749.

Cham, J. G., E. A. Branchaud, Z. Nenadic, B. Greger, R. A. Andersen, and J. W. Burdick.

2005. Semi-chronic motorized microdrive and control algorithm for autonomously iso-

lating and maintaining optimal extracellular action potentials. Journal of Neurophysiol-

ogy 93(1):570–579.

Chapelle, O., P. Haffner, and V. Vapnik. 1999. Support vector machines for histogram

based image classification. IEEE Transactions on Neural Networks 10(5):1055–1064.

Chapin, J. K. 2006. Talk presented at IEEE 2006 International Conference of the

Engineering in Medicine and Biology Society, New York City, USA.

Chapin, J. K., K. A. Moxon, R. S. Markowitz, and M. A. Nicolelis. 1999. Real-time control

of a robot arm using simultaneously recorded neurons in the motor cortex. Nature

Neuroscience 2(7):664–670.

Chen, W. and S. Ogawa. 2000. Principles of BOLD functional MRI. In Functional MRI,

edited by C. Moonen and P. Bandettini. Berlin Heidelberg: Springer.

Cheng, M., X. Gao, S. Gao, and D. Xu. 2002. Design and implementation of a brain-

computer interface with high transfer rates. IEEE Transactions on Biomedical Engi-

neering 49(10):1181–1186.

Cohen, J. 1960. A coefficient of agreement for nominal scales. Educational and

Psychological Measurement 20:37–46.

Cohen, J. and J. Polich. 1997. On the number of trials needed for P300. International

Journal of Psychophysiology 25(3):249–255.

Coin3D. High-level 3d graphics toolkit for developing cross-platform real-time 3d visual-

ization and visual simulation software. Available from http://www.coin3d.org.

Collobert, R. and S. Bengio. 2001. SVMTorch: support vector machines for large-scale

regression problems. Journal of Machine Learning Research 1(2):143–160.

Connolly, J. D., R. A. Andersen, and M. A. Goodale. 2003. FMRI evidence for a “parietal

reach region” in the human brain. Experimental Brain Research 153(2):140–145.

Cover, T. M. 1969. Learning in pattern recognition. In Methodologies of Pattern

Recognition, edited by Satoshi Watanabe. New York: Academic Press.

Cover, T. M. and J. M. Van Campenhout. 1977. On the possible ordering in the measure-

ment selection problem. IEEE transactions on systems, man, and cybernetics SMC-7:

657–661.



448 References

Coyle, S., T. Ward, C. Markham, and G. McDarby. 2004. On the suitability of near-

infrared (NIR) systems for next-generation brain-computer interfaces. Physiological

Measurement 25(4):815–822.

Crammer, K. and Y. Singer. 2001. On the algorithmic implementation of multiclass kernel-

based vector machines. Journal of Machine Learning Research 2(2):265–292.

Creasey, G. H., C. H. Ho, R. J. Triolo, D. R. Gater, A. F. DiMarco, K. M. Bogie, and M. W.

Keith. 2004. Clinical applications of electrical stimulation after spinal cord injury. The

Journal of Spinal Cord Medicine 27(4):365–375.

Crochiere, R. E. 1980. A weighted overlap-add method of short-time fourier analy-

sis/synthesis. IEEE Transactions on Acoustics, Speech, & Signal Processing ASSP-28

(1):99–102.

Cruz-Neira, C., D. J. Sandin, and T. A. DeFanti. 1993. Surround-screen projection-based

virtual reality: the design and implementation of the CAVE. In Proceedings of the 20th

annual conference on Computer graphics and interactive techniques: 135–142.

Cui, R. Q., D. Huter, W. Lang, and L. Deecke. 1999. Neuroimage of voluntary movement:

topography of the Bereitschaftspotential, a 64-channel DC current source density study.

Neuroimage 9(1):124–134.

Cunnigham, H. A. and R. B. Welch. 1994. Multiple concurrent visual-motor mappings:

implication for models of adaptation. Journal of Experimental Psychology. Human

Perception and Performance 20(5):987–999.

Curran, E. A. and M. J. Stokes. 2003. Learning to control brain activity: A review of the

production and control of EEG components for driving brain-computer interface (BCI)

systems. Brain and cognition 51(3):326–336.

Dakin, S. C., R. F. Hess, T. Ledgeway, and R. L. Achtman. 2002. What causes non-

monotonic tuning of fMRI response to noisy images? Current Biology 12(14):R476–

477.

Davidson, R. J., D. Pizzagalli, J. B. Nitschke, and K. Putnam. 2002. Depression:

perspectives from affective neuroscience. Annual Review of Psychology 53:545–574.

Decety, J., D. Perani, M. Jeannerod, V. Bettinardi, B. Tadary, R. Woods, J. C. Mazziotta,

and F. Fazio. 1994. Mapping motor representations with positron emission tomography.

Nature 371(6498):600–602.

DeCharms, R. C., K. Christoff, G. H. Glover, J. M. Pauly, S. Whitfield, and J. D. Gabrieli.

2004. Learned regulation of spatially localized brain activation using real-time fMRI.

Neuroimage 21(1):436–443.

DeCharms, R. C., F. Maeda, G. H. Glover, D. Ludlow, J. M. Pauly, D. Soneji, J. D. Gabrieli,

and S. C. Mackey. 2005. Control over brain activation and pain learned by using real-

time functional MRI. Proceedings of the National Academy of Sciences of the United

States of America 102(51):18626–18631.

Delorme, A. and S. Makeig. 2003. EEG changes accompanying learned regulation of 12-

Hz EEG activity. IEEE Transactions on Neural Systems and Rehabilitation Engineering

11(2):133–137.



References 449

Delorme, A. and S. Makeig. 2004. EEGLAB: an open source toolbox for analysis of single-

trial EEG dynamics including independent component analysis. Journal of Neuroscience

Methods 134(1):9–21.

Donchin, E., K. M. Spencer, and R. Wijesinghe. 2000. The mental prosthesis: assessing the

speed of a P300-based brain-computer interface. IEEE Transactions on Rehabilitation

Engineering 8(2):174–179.

Donoghue, J. 2002. Connecting cortex to machines: Recent advances in brain interfaces.

Nature Neuroscience 5:1085–1088.

Dornhege, G. 2006. Increasing information transfer rates for brain-computer interfacing.

PhD thesis, University of Potsdam.

Dornhege, G., B. Blankertz, and G. Curio. 2003a. Speeding up classification of multi-

channel brain-computer interfaces: common spatial patterns for slow cortical potentials.

In Proceedings of the 1st International IEEE EMBS Conference on Neural Engineering.

Capri 2003: 595–598.

Dornhege, G., B. Blankertz, G. Curio, and K. R. Müller. 2003b. Combining features

for BCI. In Advances in Neural Information Processing Systems (NIPS 02), edited by

S. Becker, S. Thrun, and K. Obermayer vol. 15: 1115–1122, Cambridge, Mass. The

MIT Press.

Dornhege, G., B. Blankertz, G. Curio, and K. R. Müller. 2004a. Boosting bit rates

in noninvasive EEG single-trial classifications by feature combination and multi-class

paradigms. IEEE Transactions on Biomedical Engineering 51(6):993–1002.

Dornhege, G., B. Blankertz, G. Curio, and K. R. Müller. 2004b. Increase information

transfer rates in BCI by CSP extension to multi-class. In Advances in Neural Information

Processing Systems (NIPS 03), edited by S. Thrun, L. Saul, and B. Schölkopf, vol. 16.

Cambridge, Mass.: The MIT Press.

Dornhege, G., B. Blankertz, M. Krauledat, F. Losch, and G. and K. R. Müller. 2006a.

Combined optimization of spatial and temporal filters for improving brain-computer

interfacing. IEEE Transactions on Biomedical Engineering 53(11):2274–2281.

Dornhege, G., B. Blankertz, M. Krauledat, F. Losch, G. Curio, and K.-R. Müller. 2006b.

Optimizing spatio-temporal filters for improving brain-computer interfacing. In Ad-

vances in Neural Information Processing Systems (NIPS 05) vol. 18: 315–322, Cam-

bridge, Mass. The MIT Press.

Drake, K. L., K. D. Wise, J. Farraye, D. J. Anderson, and S. L. BeMent. 1988. Perfor-

mance of planar multisite microprobes in recording extracellular single-unit intracortical

activity. IEEE Transactions on Biomedical Engineering 35(9):719–732.

Duda, R. O., P. E. Hart, and D. G. Stork. 2001. Pattern classification. New York: John

Wiley and Sons Publishing Company, 2nd edition.

Duncan-Johnson, C. C. and E. Donchin. 1977. On quantifying surprise: the variation of

event-related potentials with subjective probability. Psychophysiology 14(5):456–467.

Duque, J., F. Hummel, P. Celnik, N. Murase, R. Mazzocchio, and L. G. Cohen. 2005.

Transcallosal inhibition in chronic subcortical stroke. Neuroimage 28(4):940–946.



450 References

Dworkin, B. R. and N. E. Miller. 1986. Failure to replicate visceral learning in the acute

curarized rat preparation. Behavioral neuroscience 100(3):299–314.

Eaton, J. W. Octave. Available at http://www.octave.org/.

Eckmiller, R. 1997. Learning retina implants with epiretinal contacts. Ophthalmic research

29(5):281–289.

Edell, D. J., V. V. Toi, V. M. McNeil, and L. D. Clark. 1992. Factors influencing the

biocompatibility of insertable silicon microshafts in cerebral cortex. IEEE Transactions

on Biomedical Engineering 39(6):635–643.

Eichhorn, J., A. Tolias, A. Zien, M. Kuss, C. E. Rasmussen, J. Weston, N. Logothetis, and

B. Schölkopf. 2004. Prediction on spike data using kernel algorithms. In Advances

in Neural Information Processing Systems (NIPS 03), edited by S. Thrun, L. Saul, and

B. Schölkopf vol. 16, Cambridge, MA. The MIT Press.

Elbert, T., B. Rockstroh, W. Lutzenberger, and N. Birbaumer. 1980. Biofeedback of slow

cortical potentials. I. Electroencephalography and Clinical Neurophysiology 48(3):293–

301.

EMEGS. Electromagnetic encaphalography software. Available at

http://134.34.43.26/˜emegs/modules/news/.

Evarts, E. V. 1968. Relation of pyramidal tract activity to force exerted during voluntary

movement. Journal of Neurophysiology 31(1):14–27.

Fabiani, G. E., D. J. McFarland, J. R. Wolpaw, and G. Pfurtscheller. 2004. Conversion

of EEG activity into cursor movement by a brain computer interface (BCI). IEEE

Transactions on Neural Systems and Rehabilitation Engineering 12(3):331–338.

Fabiani, M., G. Gratton, D. Karis, and E. Donchin. 1987. Definition, identification, and

reliability of measurement of the P300 component of the event-related brain potential.

Advances in Psychophysiology 2:1–78.

Falkenstein, M., J. Hoormann, S. Christ, and J. Hohnsbein. 2000. ERP components on

reaction errors and their functional significance: a tutorial. Biological Psychology 51

(2–3):87–107.

Farwell, L. A. and E. Donchin. 1988. Talking off the top of your head: toward a mental

prosthesis utilizing event-related brain potentials. Electroencephalography and Clinical

Neurophysiology 70(6):510–523.

Felton, E. A., J. A. Wilson, R. G. Radwin, J. C. Williams, and P. C. Garell. 2005.

Electrocorticogram-controlled brain-computer interfaces with patients with temporary

subdural electrode implants. Neurosurgery 57(2).

Ferrez, P. W. and J. d. R. Millán. 2005. You are wrong!—Automatic detection of

interaction errors from brain waves. In 19th International Joint Conference on Artificial

Intelligence.

FES. The cleveland functional electrical stimulation center. Available at

http://fescenter.case.edu.



References 451

Fessler, J. A., S. Y. Chun, J. E. Huggins, and S. P. Levine. 2005. Detection of event-related

spectral changes in electrocorticograms. In Proceedings IEEE EMBS Conference on

Neural Engineering: 269–272.

FieldTrip. Available at http://www2.ru.nl/fcdonders/fieldtrip/1020.html.

Fisher, R. A. 1936. The use of multiple measurements in taxonomic problems. Annals of

Eugenics 7:179–188.

Flach, P. A. 2004. The many faces of ROC analysis in machine learning. Tutorial

presented at the 21st International Conference on Machine Learning. Available from

http://www.cs.bris.ac.uk/˜flach/ICML04tutorial/.

Flament, D. and J. Hore. 1988. Relations of motor cortex neural discharge to kinematics

of passive and active elbow movements in the monkey. Journal of Neurophysiology 60

(4):1268–1284.

Fleiss, J. L. 1981. Statistical methods for rates and proportions. New York: John Wiley

and Sons Publishing Company, 2nd edition.

Flotzinger, D., G. Pfurtscheller, C. Neuper, J. Berger, and W. Mohl. 1994. Classification

of non-averaged EEG data by learning vector quantisation and the influence of signal

preprocessing. Medical & Biological Engineering & Computing 32(5):571–576.

Foffani, G., A. M. Bianchi, A. Priori, and G. Baselli. 2004. Adaptive autoregressive iden-

tification with spectral power decomposition for studying movement-related activity in

scalp EEG signals and basal ganglia local field potentials. Journal of Neural Engineer-

ing 1(3):165–173.

Franceschini, M. A., S. Fantini, J. H. Thompson, J. P. Culver, and D. A. Boas. 2003.

Hemodynamic evoked response of the sensorimotor cortex measured noninvasively with

near-infrared optical imaging. Psychophysiology 40(4):548–560.

Frecon, E., G. Smith, A. Steed, M. Stenius, and O. Stahl. 2001. An overview of the

COVEN platform. Presence-Teleoperators and Virtual Environments 10(1):109–127.

Friedman, J. H. 1988. Fitting functions to noisy data in high dimensions. In Computing

Science and Statistics: Proceedings of the 20th Symposium on the Interface, edited

by E. Wegman, D. Gantz, and J. Miller: 13–43, Alexandria, Va. American Statistical

Association.

Friedman, J. H. 1989. Regularized discriminant analysis. Journal of the American

Statistical Association 84(405):165–175.

Friedman, J. H. 1991. Multivariate adaptive regression splines. Annals of Statistics 19(1):

1–141.

Fu, Q. G., D. Flament, J. D. Coltz, and T. J. Ebner. 1995. Temporal coding of movement

kinematics in the discharge of primate primary motor and premotor neurons. Journal of

Neurophysiology 73(2):836–854.

Fukunaga, K. 1990. Inroduction to statistical pattern recognition. San Diego: Academic

Press, 2nd edition.



452 References

Gandolfo, F., C. S. R. Li, B. J. Benda, C. P. Schioppa, and E. Bizzi. 2000. Cortical corre-

lates of learning in monkeys adapting to a new dynamical environment. Proceedings of

the National Academy of Sciences of the United States of America 97(5):2259–2263.

Gao, X., D. Xu, M. Cheng, and S. Gao. 2003a. A BCI-based environmental controller

for the motion-disabled. IEEE Transactions on Neural Systems and Rehabilitation

Engineering 11(2):137–140.

Gao, Y., M. J. Black, E. Bienenstock, S. Shoham, and J. P. Donoghue. 2002. Probabilistic

inference of hand motion from neural activity in motor cortex. In Advances in Neural

Information Processing Systems (NIPS 01), edited by T. G. Dietterich, S. Becker, and

Z. Ghahramani vol. 14: 213–220, Cambridge, Mass. The MIT Press.

Gao, Y., M. J. Black, E. Bienenstock, W. Wu, and J. P. Donoghue. 2003b. A quantitative

comparison of linear and non-linear models of motor cortical activity for the encoding

and decoding of arm motions. In First International IEEE EMBS Conference on Neural

Engineering: 189–192.

Garrett, D., D. A. Peterson, C. W. Anderson, and M. H. Thaut. 2003. Comparison of

linear, nonlinear, and feature selection methods for EEG signal classification. IEEE

Transactions on Neural Systems and Rehabilitation Engineering 11(2):141–144.

Gehring, W., M. Coles, D. Meyer, and E. Donchin. 1990. The error-related negativity: An

event-related brain potential accompanying errors. Psychophysiology 27:34.

Georgopoulos, A. P., J. F. Kalaska, R. Caminiti, and J. T. Massey. 1982. On the relations

between the direction of two-dimensional arm movements and cell discharge in primate

motor cortex. Journal of Neuroscience 2(11):1527–1537.

Georgopoulos, A. P., J. F. Kalaska, and J. T. Massey. 1983. Spatial coding of movements: A

hypothesis concerning the coding of movement direction by motor cortical populations.

Experimental Brain Research 7:327–336.

Georgopoulos, A. P., R. E. Kettner, and A. B. Schwartz. 1988. Primate motor cortex

and free arm movements to visual targets in three-dimensional space. II. Coding of the

direction of movement by a neuronal population. Journal of Neuroscience 8(8):2928–

2937.

Georgopoulos, A. P., A. B. Schwartz, and R. E. Kettner. 1986. Neural population coding

of movement direction. Science 233(4771):1416–1419.

Gerson, A. D., L. C. Parra, and P. Sajda. 2005. Cortical origins of response time variability

during rapid discrimination of visual objects. Neuroimage 28(2):342–353.

Gevins, A., M. E. Smith, H. Leong, L. McEvoy, S. Whitfield, R. Du, and G. Rush.

1998. Monitoring working memory load during computer-based tasks with EEG pattern

recognition methods. Human Factors 40(1):79–91.

Gevins, A., M. E. Smith, L. McEvoy, and D. Yu. 1997. High-resolution EEG mapping

of cortical activation related to working memory: effects of task difficulty, type of

processing, and practice. Cerebral Cortex 7(4):374–385.

Girone, M., G. Burdea, M. Bouzit, V. Popescu, and J. E. Deutsch. 2000. Orthopedic

rehabilitation using the “Rutgers ankle” interface. Studies in Health Technology and



References 453

Informatics 70:89–95.

glib. GTK+ team: General-purpose utility library. Available at http://www.gtk.org.

Goncharova, I. I., D. J. McFarland, T. M. Vaughan, and J. R. Wolpaw. 2003. EMG con-

tamination of EEG: spectral and topographical characteristics. Clinical Neurophysiology

114(9):1580–1593.

Gonsalvez, C. L. and J. Polich. 2002. P300 amplitude is determined by target-to-target

interval. Psychophysiology 39(3):388–396.

GPL. Free Software Foundation: The GNU General Public License. Available at

http://www.gnu.org/licenses/licenses.html.

Graimann, B., J. E. Huggins, S. P. Levine, and G. Pfurtscheller. 2002. Visualization of

significant ERD/ERS patterns in multichannel EEG and ECoG data. Clinical Neuro-

physiology 113(1):43–47.

Graimann, B., J. E. Huggins, S. P. Levine, and G. Pfurtscheller. 2004. Towards a direct

brain interface based on human subdural recordings and wavelet-packet analysis. IEEE

Transactions on Biomedical Engineering 51(6):954–962.
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2005. A comparison between using ECoG and EEG for direct brain communication. In

Proceedings of the EMBEC05.

Grave de Peralta Menendez, R., S. Gonzalez Andino, A. Khateb, A. Pegna, G. Thut,

and T. Landis. 2005a. About the information content of local field potentials non-

invasively estimated from the EEG. In 16th Meeting of the International Society for

Brain Electromagnetic Topography.

Grave de Peralta Menendez, R., S. Gonzalez Andino, L. Perez, P. W. Ferrez, and

J. d. R. Millán. 2005b. Non-invasive estimation of local field potentials for neuro-

prosthesis control. Cognitive Processing 6:59–64.

Grave de Peralta Menendez, R. and S. L. Gonzalez Andino. 1998. A critical analysis of

linear inverse solutions to the neuroelectromagnetic inverse problem. IEEE Transactions

on Biomedical Engineering 45(4):440–448.

Grave de Peralta Menendez, R., S. L. Gonzalez Andino, S. Morand, C. M. Michel, and

T. Landis. 2000. Imaging the electrical activity of the brain: ELECTRA. Human Brain

Mapping 9(1):1–12.

Grave de Peralta Menendez, R., M. M. Murray, C. M. Michel, R. Martuzzi, and S. L.

Gonzalez Andino. 2004. Electrical neuroimaging based on biophysical constraints.

Neuroimage 21(2):527–539.

Green, D. M. and J. A. Swets. 1966. Signal detection theory and psychophysics. New

York: Wiley.



454 References

Gruzelier, J. and T. Egner. 2005. Critical validation studies of neurofeedback. Child and

Adolescent Psychiatric Clinics of North America 14(1):83–104.

g.tec. g.tec Guger Technologies. Available at http.//www.gtec.at.

GTK. GTK+ team: The GIMP Toolkit. Available at http://www.gtk.org.

Guger, C., G. Edlinger, W. Harkam, I. Niedermayer, and G. Pfurtscheller. 2003. How

many people are able to operate an EEG-based brain-computer interface (BCI)? IEEE

Transactions on Neural Systems and Rehabilitation Engineering 11(2):145–147.

Guger, C., W. Harkam, C. Hertnaes, and G. Pfurtscheller. 1999. Prosthetic control by an

EEG-based brain-computer interface (BCI). In Proceedings if the 5th European Confer-

ence for the Advancement of Assistive Technology (AAATE), Düsseldorf, Germany.

Guger, C., H. Ramoser, and G. Pfurtscheller. 2000. Real-time EEG analysis with subject-

specific spatial patterns for a brain computer interface (BCI). IEEE Transactions on

Rehabilitation Engineering 8(4):447–456.

Guger, C., A. Schlögl, C. Neuper, D. Walterspacher, T. Strein, and G. Pfurtscheller. 2001.

Rapid prototyping of an EEG-based brain-computer interface (BCI). IEEE Transactions

on Neural Systems and Rehabilitation Engineering 9(1):49–58.

Guyon, I., S. Gunn, M. Nikravesh, and L. Zadeh, editors. 2006a. Feature extraction,

foundations and applications, chapter Filter Methods. Springer.

Guyon, I., S. Gunn, M. Nikravesh, and L. A. Zadeh, editors. 2006b. Feature extraction:

Foundations and applications. Springer.

Guyon, I., J. Weston, S. Barnhill, and V. Vapnik. 2002. Gene selection for cancer

classification using support vector machines. Machine Learning 46(1–3):389–422.

Gysels, E. and P. Celka. 2004. Phase synchronization for the recognition of mental tasks

in a brain computer interface. IEEE Transactions on Neural Systems and Rehabilitation

Engineering 12(4):406–415.

Halgren, E., T. Raij, K. Marinkovic, V. Jousmaki, and R. Hari. 2000. Cognitive response

profile of the human fusiform face area as determined by MEG. Cerebral Cortex 10(1):

69–81.

Hamalainen, M. S. and R. J. Ilmoniemi. 1994. Interpreting magnetic fields of the brain:

minimum norm estimates. Medical & Biological Engineering & Computing 32(1):35–

42.

Hampel, F. R., E. M. Rochetti, P. J. Rousseeuw, and W. A. Stahel. 1986. Robust statistics.

New York: Wiley.

Hanagasi, H. A., I. H. Gurvit, N. Ermutlu, G. Kaptanoglu, S. Karamursel, H. A. Idrisoglu,

M. Emre, and T. Demiralp. 2002. Cognitive impairment in amyotrophic lateral sclerosis:

evidence from neuropsychological investigation and event-related potentials. Brain

Research. Cognitive Brain Research 14(2):234–244.

Hancock, K. M., A. R. Craig, H. G. Dickson, E. Chang, and J. Martin. 1993. Anxiety and

depression over the first year of spinal cord injury: a longitudinal study. Paraplegia 31

(6):349–357.



References 455

Hankins, T. C. and G. F. Wilson. 1998. A comparison of heart rate, eye activity, EEG

and subjective measures of pilot mental workload during flight. Aviation, Space, and

Environmental Medicine 69(4):360–367.

Harland, C. J., T. D. Clark, and R. J. Prance. 2002. Remote detection of human eleec-

troencephalograms using ultrahigh input impedance electric potential sensors. Applied

Physics Letters 81(17):3284–3286.

Harmeling, S. 2005. Independent component analysis and beyond. PhD thesis, University

of Potsdam, Potsdam.

Harmeling, S., G. Dornhege, D. Tax, F. Meinecke, and K. R. Müller. 2006. From outliers

to prototypes: ordering data. Neurocomputing 69(13–15).

Harmeling, S., A. Ziehe, M. Kawanabe, and K.-R. Müller. 2002. Kernel feature spaces

and nonlinear blind source separation. In Advances in Neural Information Processing

Systems (NIPS 01), edited by T.G. Dietterich, S. Becker, and Z. Ghahramani vol. 14,

Cambridge, Mass. The MIT Press.

Harmeling, S., A. Ziehe, M. Kawanabe, and K.-R. Müller. 2003. Kernel-based nonlinear

blind source separation. Neural Computation 15:1089–1124.

Harris, F. J. 1978. On the Use of Windows for Harmonic Analysis with Discrete Fourier

Transform. Proceedings of the IEEE 66:51–83.

Hasson, U., I. Levy, M. Behrmann, T. Hendler, and R. Malach. 2002. Eccentricity bias as

an organization principle for human high-order object areas. Neuron 34(3):479–490.

Hastie, T., R. Tibshirani, and J. Friedman. 2001. The elements of statistical learning: data

mining, inference, and prediction. New York: Springer-Verlag.

Hauser, A., P. E. Sottas, and J. d. R. Millán. 2002. Temporal processing of brain activity

for the recognition of EEG patterns. In Proceedings 12th International Conference on

Artificial Neural Networks.

Haynes, J. D. and G. Rees. 2006. Decoding mental states from brain activity in humans.

Nature Reviews Neuroscience 7(7):523–534.

He, B., J. Lian, K. M. Spencer, J. Dien, and E. Donchin. 2001. A cortical potential imaging

analysis of the P300 and novelty P3 components. Human Brain Mapping 12(2):120–

130.

Heekeren, H. R., S. Marrett, P. A. Bandettini, and L. G. Ungerleider. 2004. A general

mechanism for perceptual decision-making in human brain. Nature 431(7010):859–862.

Hellman, M. E. and J. Raviv. 1970. Probability of error, equivocation, and the Chernoff

bound. IEEE Transactions on Information Theory IT-16(4):368–372.

Hernandez, A., A. Zainos, and R. Romo. 2000. Neuronal correlates of sensory discrimi-

nation in the somatosensory cortex. Proceedings of the National Academy of Sciences

of the United States of America 97(11):6191–6196.

Hettich, S., C. L. Blake, and C. J. Merz. 1998. UCI repository of machine learning

databases. http://www.ics.uci.edu/∼mlearn/MLRepository.html. University of Califor-

nia, Irvine, Department of Information and Computer Sciences.



456 References

Hill, N. J., T. N. Lal, K. Bierig, N. Birbaumer, and B. Schölkopf. 2005. An auditory

paradigm for brain–computer interfaces. In Advances in Neural Information Processing

Systems 17, edited by L. K. Saul, Y. Weiss, and L. Bottou: 569–576, Cambridge, Mass.,

USA. The MIT Press.
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Kübler, A., B. Kotchoubey, T. Hinterberger, N. Ghanayim, J. Perelmouter, M. Schauer,

C. Fritsch, E. Taub, and N. Birbaumer. 1999. The Thought Translation Device: a

neurophysiological approach to communication in total motor paralysis. Experimental

Brain Research 124(2):223–232.
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Meir, R. and G. Rätsch. 2003. An introduction to boosting and leveraging. In Advanced

Lectures on Machine Learning, edited by S. Mendelson and A. Smola, LNAI. Springer.

Mellinger, J., T. Hinterberger, M. Bensch, M. Schröder, and N. Birbaumer. 2003. Surfing
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Kernel PCA and de–noising in feature spaces. In Advances in Neural Information

Processing Systems (NIPS 98), edited by M.S. Kearns, S.A. Solla, and D.A. Cohn: 536–

542, Cambridge, Mass. MIT Press.
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Millán, J. d. R., M. Franzé, J. Mouriño, F. Cincotti, and F. Babiloni. 2002b. Relevant EEG

features for the classification of spontaneous motor-related tasks. Biological Cybernetics

86(2):89–95.

Millán, J. d. R. and J. Mouriño. 2003. Asynchronous BCI and local neural classifiers: an

overview of the Adaptive Brain Interface project. IEEE Transactions on Neural Systems

and Rehabilitation Engineering 11(2):159–161.
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