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Abstract—In the context of brain-computer interfacing, it is
important to investigate what regions of the brain a classifier
focuses on. For one, this will clarify to what extent the classifier
relies on brain activity, as opposed to undesirable non-cortical
signals. More generally, the practice is informative as it allows
conclusions to be drawn about the cortical regions—and thus,
cortical functions—that contribute to the effect under investigation. In this study, we start to investigate different methods to
visualise the regions of interest of classifiers based on windowed
means and on common spatial patterns. Specifically, we take
individually reconstructed source spaces and transform the classifier filter weights into relevance weights indicating the relative
contribution of each source to the classifier. This is visualised
across participants in an average brain. By decomposing the
classifier weights into separate sources and localising these in
the brain, this method provides a tool to evaluate classifiers and
test hypotheses.

I. I NTRODUCTION
A brain-computer interface (BCI) allows an output channel
to be established from a user’s brain to a computer—an output
channel “that is neither neuromuscular nor hormonal” [1].
Such a channel can be used in various ways. For example,
it allows paralysed or locked-in patients to communicate with
the outside world using mental spellers [2] and brain-actuated
prostheses [3]. BCI-based systems enable people to control
such and other devices using only their brain activity.
A passive brain-computer interface (pBCI) [4] is a BCI
system that uses similar hard- and software in order to interpret
ongoing, “natural” brain activity [5] that is not meant to control
a device. Instead, such brain activity reflects the human user’s
cognitive or affective state. Passive BCI-based quantifications
of mental states are used as implicit input to support ongoing
human-computer interaction [6].
With recent trends in neuroadaptive technology and pBCI
itself [7], [8], [9], [10], as well as advances in signal acquisition hardware [11], such real-world pBCI applications have
become increasingly close at hand. In particular, electroencephalography (EEG) has become increasingly mobile [12].
An important issue with EEG however, is that many different
sources of activity combine to form the final signal measured
at the scalp. This includes not just numerous cortical sources,
but all electromagnetic activity present in the body as well
as in the environment. Notably, eye and muscle artefacts can
contaminate the data.

During EEG experiments in realistic contexts, a great
amount of eye and muscle activity is to be expected. Furthermore, this activity can be highly correlated to the experimental
conditions. A classifier trained to distinguish between data
reflecting different conditions can thus be highly influenced
by such non-brain activity. Because of this, it is important to
verify to what extent an advertised brain-computer interface
system is indeed based on brain activity. For example, when
a system is intended to measure negative affect from brain
activity, it may inadvertently use activity from the corrugator
muscle of the face [13]. Such a system may not be as reliable
in different contexts (e.g. where sunshine leads to excessive
squinting), and may be more accurately categorised as a form
of physiological computing [14].
While detection of non-brain influences is one specific
case where extended feature analysis can provide important
answers, understanding the relative contributions of different
brain sources is another. A classifier is trained to distinguish between different conditions using any all information
available. This makes it a powerful method to distinguish
between brain activity in different conditions [15], but also
means that the classifier can be influenced by a variety
of cognitive processes. For example, even when targeting a
specific cognitive process such as motor imagery, activity from
other processes may interfere with the recordings [16] and
affect the classifier. Knowing what information carries what
weight can help to validate the classifier and the experimental
paradigm. If the cortical areas that a classifier focuses on
can be identified, this may provide insights into the different
cognitive processes underlying the investigated effects. When
a classifier’s primary source of distinguishing brain activity
comes from the visual cortex, for example, this may hint that
low-level sensory aspects of the stimuli were more important
than further cognitive interpretation of those stimuli. Such
insights can also be used to improve experimental paradigms
and BCI training methods [17].
In this paper we explore, with simulated data, aspects of a
method used earlier [18] to visualise in a three-dimensional
head volume the areas of the brain a BCI classifier focuses
on. The original method applied only to windowed-means
classifiers of event-related potentials [19]; here we describe
an adaptation of that method, as well as an extension that
applies to common spatial patterns [20].

