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Abstract. Recently significant steps have been made towards effective EEGbased brain-computer interfaces for mouse control. A major obstacle in this line
of research, however, is the integration of the noisy and contradictory information provided at each time step by the signal processing systems into a coherent
and precise trajectory for the mouse pointer. In this paper we attack this difficult
problem using genetic programming, obtaining extremely promising results.
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1 Introduction
Over the past few years an increasing number of studies (e.g., [2,6,8,12,13,16,17]) have
evaluated the possibility of converting signals generated from the brain into commands
for the control of computers, wheel chairs, etc. The resulting systems go under the name
of Brain-Computer Interfaces (BCIs).
BCIs are often based on the analysis of brain electrical activity recorded via electroencephalography (EEG). The EEG components most often used in BCI are the P300
wave [6] and other event related potentials (ERPs), µ or β rhythms [17], evoked potentials (EPs) [7,14,15], and others. ERPs are relatively well defined shape-wise variations
to the ongoing EEG elicited by a stimulus and temporally linked to it. They include an
early exogenous response, due to the sensory processing of the stimulus, as well as an
endogenous response, which is a reflection of higher order cognitive processing induced
by the stimulus [4]. The P300 is a positive ERP with a latency of around 300 ms which
can be elicited in experimental conditions where an observer attends to a rare and/or
significant stimuli (e.g., the recognition of a specific target stimulus embedded in a sequence of other non-target stimuli). This makes it possible to use P300s in BCI systems
to determine user intentions.
Given the point-and-click nature of most modern user interfaces, an important application of BCI is controlling 2–D pointer movements. Over the years, there have been
some attempts to develop BCI systems for this purpose, the most successful of which, to
date, being those based on the detection of µ or β rhythms [16], and those using invasive
cortical interfaces (e.g., [5]). The former, however, require lengthy training periods before users can control them, while the latter are not very practical, being very invasive.
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These problems can be overcome by systems based on the use of P300s. Some success
with this approach has been reported in [1] where rather long inter-stimulus intervals
led to the pointer moving at the rate of one movement every 10 seconds, and [10] where
a speed of one cursor movement every 4 seconds was achieved but accuracy in detecting
P300s was only about 50%.
A more responsive P300-based system for the 2–D control of a cursor on a computer
screen was presented in [3]. In this system four randomly-flashing squares are displayed
on the screen to represent four directions of movement. Users devote their attention to
the flashes of the square towards which the cursor should move. This produces endogenous EEG components following each stimulus, which the system analyses to infer the
user’s intentions and move the cursor. The system presents two unique features: it completely dispenses with the problem of detecting P300s (a notoriously difficult task) by
logically behaving as an analogue device (as opposed to a binary classifier), and it uses
a single trial approach where the mouse performs an action after every trial (once per
second). The use of an analogue approach provides the system with more information
about the brain state, which, in turn, makes it a more accurate, gradual and controllable
mouse. However, it also opens up the problem of how to use and integrate the analogue
information obtained from the brain at different time steps. In [3] the integration was
simply performed by subtracting the output produced by the ERP analyser when the
“up” and “down” stimuli flashed to determine the vertical displacement to be applied to
the mouse cursor. The horizontal displacement was similarly obtained by subtraction of
the outputs associated with the “left” and “right” stimuli.
A variety of alternatives to this approach were explored in [11] where 8 different
stimuli (4 for “up”, “down”, “left” and “right”, and 4 for the 45 degree diagonal directions) were used. Integration was based on the idea of: (a) turning each direction’s
flash into a vector originating from the centre of the screen, pointing in the direction
of the stimulus and having an amplitude proportional to the ERP analyser’s output, and
then (b) performing a vector sum of the vectors associated with all 8 directions. This is
effectively a generalisation of the system used in [3].
In experiments with these systems, we found that this, hand-designed, integration
strategy based on vector sums does not perform optimally. In particular, because of the
enormous noise present in EEG signals, muscular artifacts and the objective difficulty
of maintaining a user’s mind focused on the flashing stimuli, trajectories can be very
convoluted and indirect. During on-line use, this causes a negative feedback loop, with
subjects constantly gazing at the imperfect trajectory while attempting to improve it,
thereby adding even more noise to the signals. In turn, this makes trajectories even
more undirected, resulting in a confusing and, ultimately, discouraging interaction for
the user. Our attempts to come up with better manually-designed integration strategies
have been only partially satisfactory. So, we decided to explore the possibility of using
genetic programming (GP) [9] to discover better integration strategies. In this paper we
report the results of this effort.
The paper has the following structure. In Section 2 we describe the stimuli, procedure, participants and analysis performed in our BCI mouse. Section 3 describes the
GP system used, its primitives, parameter settings and fitness function. In Section 4 we
report our experimental results, while we provide some conclusions in Section 5.
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Fig. 1. Stimuli used in our BCI experiments: initial display (left) and a flashing stimulus (right)

2 BCI Mouse
Our system uses the same flashing-stimuli protocol used in the P300-based BCI mice
described in the previous section. EEG signals are preprocessed and presented to a Support Vector Machine (SVM) which, for each flashed stimulus on the screen, provides
an indication (a score) of how likely that stimulus was attended by the user (i.e., the
intended direction of motion). Naturally, before the SVM can be used it needs to be
trained. Below we describe the protocol used to gather training data for the SVM, the
stimuli used, our equipment details, and the subject group used.
We adopted the SlowFlashColour protocol described in [11]. More specifically, we
used visual displays showing 8 circles (with a diameter of 1.5 cm) arranged around
an imaginary circle at the centre of the display as in Figure 1. Each circle represents
a direction of movement for the mouse cursor. Circles flashed in random order (i.e.,
they temporarily changed colour – from grey to white – for a fraction of a second),
similarly to other P300 based BCI protocols derived from the oddball paradigm. Mouse
control was obtained by mentally focusing on the flashes of the stimulus representing
the desired direction (e.g., by counting them mentally). The delay between flashes was
200 ms ( 12 × 60−1, as permitted by the 60 Hz refresh rate of the LCD monitor used).
We used black for the background, grey for the neutral stimuli and white for the highlighted stimuli. The protocol used an inter-stimulus interval of 0 ms. So, in order to
avoid undesirable visual effects, stimuli adjacent to a previously flashed stimulus were
prevented from flashing immediately after it. Furthermore, stimuli were not allowed to
be active twice in succession. This meant that the minimum interval between two target
events for the protocol was 400 ms.
Data were collected from 11 participants with an average age of 26.5. Each session
was divided into runs, which we will call direction epochs. Each participant carried out
16 direction epochs, this resulted in the 8 possible directions being carried out twice.
Within an experiment the direction epochs were randomised.
Each direction epoch started with a blank screen and after a short period the eight
circles appeared near the centre of the screen. A red arrow then appeared for 1 second pointing to the target (representing the direction for that epoch). Subjects were
instructed to mentally count the number of flashes for that target. After 2 seconds the
random flashing of the stimuli started. This stopped after between 20 and 24 trials,
with a trial consisting of the activation of each of the 8 stimuli (randomised without
replacement). In other words each direction epoch involves between 20 × 8 = 160 and
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24 × 8 = 192 flashes. After the direction epoch had been completed, the subject was
requested to verbally communicate the number of times the target stimulus flashed.
Participants were seated comfortably at approximately 80 cm from an LCD screen,
their neck supported by a C-shaped inflatable travel pillow to reduce muscular artifacts.
Data were collected from 64 electrode sites using a BioSemi ActiveTwo EEG system.
The EEG channels were referenced to the mean of the electrodes placed on either earlobe. The data were initially sampled at 2048 Hz.
Classification was carried out using a linear SVM, trained with data collected across
all the channels. The data were filtered between 0.15 and 30 Hz and initially downsampled to 128 Hz. Then, from each channel an 800 ms epoch was extracted and further
decimated to 32 Hz.

3 GP System and Parameter Settings
We used a strongly-typed GP system implemented in Python. Since fitness evaluation in
our domain of application is extremely computationally intensive, we created a parallel
implementation which performs fitness evaluations across multiple CPU cores.
The system uses a steady-state update policy. It evolves a population of 10,000 individuals with tournament selection with a tournament size of 5, a strongly-typed version
of the grow method with a maximum initial depth of 4, and strongly-typed versions of
sub-tree crossover and sub-tree mutation. Both are applied with a 50% rate and use a
uniform selection of crossover/mutation points. The system uses the primitive set shown
in Table 1. Program trees were required to have a Sample return type.
With this setup we performed runs of up to 50 generations, manually stopping them
whenever we felt they were unlikely to make further significant progress. Because of
the extreme load required by our fitness evaluation and the complexity of the problem
(which forced us to use a relatively large population), in this paper we only report the
results of one run. The run took approximately 30 CPU days to complete. We feel this is
reasonable since we are really interested in the output produced by GP — as is the case
in many practical applications of GP — rather than in optimising the process leading to
such output.
Let us now turn to the fitness function we used to guide evolution. From each of the
11 subjects tested in this study, we selected one direction epoch (see previous section)
for each of the 8 possible directions of motion, with the exception of one subject where
both direction epochs for one direction contained huge artifacts and had to be discarded.
This gave us 87 sets, each containing between 160 and 192 scores. Since, for each
set, we knew the target direction, scores were converted into (Δx, Δy) pairs via simple
trigonometry. These data, which we will call training arrays hereafter, were used for
fitness evaluation.
Fitness is the dissimilarity between the ideal trajectory and the actual trajectory produced by a program averaged over the 87 training arrays. Measuring this requires executing each program nearly 13,000 times. Being an error measure, fitness is, naturally,
minimised in our system. We describe its elements below.
The actual trajectory produced by a program on a training array is obtained by iteratively evaluating the program, each time feeding 32 samples of the training array
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Table 1. Primitive set used in our application. The arity of the primitives can be inferred from
their input type signature.
Primitive
Output Type Input Type(s)
Functionality
0.5, -0.5, 0, 1, Float
None
Floating point constants used for numeric calcu· · ·, 31
lations and as array indexes (see below)
MouseData
Array
None
Returns a 32-sample long window of Samples
from the BCI mouse scorer block (stored in a
training array). The Samples are (Δx, Δy) pairs
of mouse pointer displacements.
+, -, *
Float
(Float, Float) Standard arithmetic operations of floats.
>, <
Bool
(Float, Float) Standard relational operations on floats
if
Float
(Bool, Float, If-then-else function. If the first argument evaluFloat)
ates to True, then the result of evaluating its second argument is returned. Otherwise the result
of evaluating the third argument is returned.
normS
Float
Sample
Given a Sample, i.e., a (Δx,
Δy) pair, treat it as a
vector and return its norm, Δx2 + Δy2 .
meanSample,
Sample
(Float, Float, Given a 32-Sample Array and two floats, treat
medianSample
Array)
the floats as indices for the array by casting
them to integer via truncation and then applying a modulus 32 operation (if the indices are
identical, one is increment by 1). Then compute
the mean (median) of the samples in the Array
falling between such indices (inclusive).

into the MouseData terminal (which effectively acts as a sliding window on the training
array). The output of the program, which, as noted above, is of type Sample, is taken as
a (Δx, Δy) to be applied to the current mouse position. Integration of this time sequence
produces the actual trajectory.
As illustrated in Figure 2, the ideal trajectory for each array is obtained by sampling
at regular intervals the line segment connecting the origin to a point along the desired
direction. The point is chosen by projecting the end-point, ∑(Δx, Δy), of the trajectory
obtained by directly executing the pointer moves in a training array onto the desired direction line. This ensures that the ideal trajectory has not only the correct direction but
also a length similar to the length of the trajectory produced by the raw score data. The
ideal trajectory is sampled in such a way to have the same number of samples as the actual
trajectory. The comparison between actual and ideal trajectory is then a matter of measuring the Euclidean distance between pairs of corresponding points in the two trajectories
and taking an average. Notice that any detours from the ideal line and any slow-downs in
the march along it in the actual trajectory are strongly penalised in this fitness measure.

4 Experimental Results
Figure 3 shows the dynamics of the median and best program’s fitness in our run. The
best evolved program is presented in tree form in Figure 4. To evaluate its performance
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Ideal Trajectory

Actual
Trajectory

Fig. 2. Ideal and actual trajectories used in the fitness calculation. Dashed lines indicate pairs of
matching points. Fitness is the average distance between such points across 87 trajectories.

Fitness

Median fitness
Best fitness

Generations

Fig. 3. Dynamics of the median and best fitness in our run

we need to compare its behaviour to both the raw input data and the output produced
by the standard integrator used in previous work.
Let us start from a qualitative analysis. Figure 5(left) shows our set of 87 training
arrays (sequences raw flash scores after their transformation into (Δx, Δy) displacements). Note how convoluted the trajectories are and how little clustering towards the 8
prescribed directions of motion there is. Figure 5(right) shows how these data are transformed by the standard integration algorithm adopted in [3, 11]. Clearly, this technique
has a positive effect on the smoothness of trajectories, but these remain very contorted
and still not very close to the 8 required directions. Figure 6 shows the corresponding
trajectories produced by our best evolved program. Qualitatively it is clear that these
trajectories are much smoother than those in Figure 5. They also appear to cluster more
towards the prescribed directions of motion.
To quantitatively verify these observations, Tables 2(a)–(b) show a statistical comparison between the raw trajectories, those produced by the standard method and those
produced by the best evolved program. More specifically, Table 2(a) shows the mean,
median, standard deviation and standard error of the mean of the distances between
the ideal trajectory and the actual trajectory recorded in each of our 87 direction
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Fig. 4. Best program evolved in our runs (after minor manual simplifications)
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Fig. 5. Graphical representation of the 87 sequences of raw SVM scores produced by our BCI
mouse (left) and the output produced by the classical technique used in previous work (right)

Fig. 6. Behaviour of our best evolved trajectory information integrator

Table 2. Statistical comparison of evolved solutions: (a) basic statistics of the distribution of
distances between ideal and actual mouse trajectories, and (b) p-values for the KolmogorovSmirnov one-sided two-sample test for pairwise comparison of distributions
Program
Evolved Solution
Raw Scores
Standard Control

Mean
35.2218
60.9022
56.5609

Median Standard Deviation Standard Error
31.9809
17.0202
1.8353
56.5324
22.6211
2.4393
51.8479
22.0939
2.3824
(a)
Evolved Solution Raw Scores Standard Control
Evolved Solution
—
1.0000
1.0000
Raw Scores
0.0000
—
0.1911
Standard Control
0.0000
0.9886
—
(b)
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trials. Table 2(b), instead, reports the p-values for the Kolmogorov-Smirnov one-sided
two-sample test for the pairwise comparison of distributions. The evolved program produces trajectories that are better than both the raw data and the standard trajectories by a
considerable margin. The difference is highly statistically significant. Surprisingly, the
difference between the standard method and the raw data does not reach the significance
level (although it is possible that with a larger dataset it would).

5 Conclusions
Brain-computer interfaces are an exciting research area which one day will hopefully
turn into reality the dream of controlling computers hands-free through intelligent interfaces capable of interpreting users’ commands directly from electrical brain signals.
Progress is constantly made in BCI but it is slowed down by many factors including the
noise present in brain signals and the inconsistency and variability of user attention and
intentions.
Recent research has made significant steps towards the achievement of an effective
form of analogue BCI mouse control, but an important problem has presented itself:
the integration of the noisy and contradictory information provided at each time step by
the signal processing and scoring systems into a coherent and precise trajectory for the
mouse pointer. In this paper we have attacked this problem using genetic programming,
obtaining results that are significantly better than those obtained with the integration
method described in previous work.
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