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ABSTRACT 

Inferring a user’s cognitive state and behavior is a goal 
actively sought in the field of Human-Computer Interaction 
(HCI). Although Brain-Computer Interface (BCI) 
technology may contribute substantially to this endeavor, 
cost and wearability, as well as developing a cohesive 
framework for multi-application BCI, remain critical factors 
in extending BCI to ubiquitous application. This paper 
seeks to help address these concerns. We suggest an 
abstract framework for ubiquitous “brain-aware” computing 
and show that a low-cost, single-electrode 
electroencephalogram can be used to discriminate between 
HCI-relevant cognitive states such as “bored” versus 
“interesting” reading, listening to music, and relaxing, with 
many of the pairwise classification accuracies approaching 
100% using post-classification smoothing. We further show 
that a model trained on data from a single session can 
effectively predict cognitive state on future days.  
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INTRODUCTION AND BACKGROUND 
A Brain-Computer Interface (BCI) is a computer-mediated 
system that uses neural signals to allow an individual to 
interact with or control an external device. 
Electroencephalography (EEG), a method that measures 
small voltage differences (~100�V) between conductive 
electrodes placed on the surface of the scalp, is typically 
used to measure neural activity in BCI systems. The voltage 

levels are measured with respect to a reference electrode, 
usually another electrode on the scalp or at a ‘reference’ 
location such as the nose or mastoid process (behind the 
ear). EEG is thought to represent the combined electrical 
activity of large populations of neurons and can be thought 
of as a gross correlate of ongoing brain activity [12,4].  
Despite its popularity, EEG fails to capture a large amount 
of neural activity mostly due to the fact that it is highly 
sensitive to the depth, orientation, and action potential 
synchronization of populations of neurons [11]. 
Furthermore, there are several sources of potential non-
mental ‘artifacts’ including head and eye movement, muscle 
activity, and interference from power lines and electrical 
equipment. Nevertheless, certain properties of EEG, such as 
rhythmic brain activity, event-related potentials (ERPs), and 
event-related (de)synchronization (ERS/ERD) have been 
shown to provide useful information regarding ongoing 
cognitive processes and are suitable for BCI [11,13]. In 
addition, the non-invasive nature of EEG (it is a passive 
recording system, and extended use poses no safety 
concerns) makes it particularly well-suited to BCI 
applications.  

Extensive discussion of the state of the BCI field has been 
covered elsewhere [11,13,14,10] and will not be repeated 
here. However, there are a few important things to note. 
First, the vast majority of BCI research to date has focused 
on medical applications including prosthetics, control, and 
communication for severely handicapped individuals 
(Ochoa [13] provides a detailed comparison of ongoing 
research in these areas).  Limited attention has been given to 
Human-Computer Interaction (HCI) applications and 
general-purpose BCI for healthy individuals  

(a)  

 

(b) 

  
Figure 1. (a) NeuroSky’s BrainWave PC LinkTM EEG 

recording system, and (b) the second generation of NeuroSky 

recording devices. 
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Second, the majority of BCI research has utilized high-
resolution, expensive EEG recording systems with many 
electrodes, conductive gel, external power source, and other 
factors that make the entire apparatus rather cumbersome. 
This is generally not of great concern for most medical 
applications (where user mobility is frequently restricted to 
begin with), but it is crucial for HCI and general-purpose 
applications where wearability of the BCI is of great 
importance.  Some researchers [10,2] have explored using 
low-cost, few-electrode EEG systems for mental task 
classification, but these devices still require external 
amplification and signal processing boxes as well as 
frequent application of a conducting gel, both of which 
reduce the wearability of the device.  

A consequence (and perhaps in part a cause) of this paucity 
of wearable BCIs, is that we lack a truly cohesive 
framework for integrating BCI technology with the variety 
of devices and tools we use in our day-to-day life. In short, 
BCIs are still far from ubiquitous.   

In this paper we suggest a possible framework for 
ubiquitous brain-aware computing (UBAC) – which we 
define as the use of wearable, ubiquitous BCI technology to 
provide cognitive state information to context-aware and 
other HCI applications – and present our evaluation of the 
feasibility of using a cost-effective (<$100), single-
electrode, wireless-capable, non-invasive, gel-free, and 
battery-powered EEG recording device for effective 
cognitive state identification. The device we used is shown 
in Figure 1a. The entire recording apparatus is contained in 
this headband (9V battery and reference electrode wires are 
occluded at the rear).  Our preliminary results indicate that 
with this simple single-electrode system we may effectively 
discriminate between a few general classes of cognitive and 
affective states such as those occurring in reading “boring” 
material, reading “interesting” material, listening to music, 
and relaxing.   

A FRAMEWORK FOR UBAC  
Many smart appliances and context-aware applications can 
become “smarter” if some information about their user 
clients’ mind is available.  One may imagine a future in 
which certain brain-state information will be projected into 
the world allowing more seamless and harmonious 
integration of humans with their surrounding environment. 
Figure 2 shows a conceptual sketch of a ubiquitous brain-
aware computing “halo” that might soon become a reality. 
Each of the expanding layers provides successively higher-
level processing and interpretation of neural information.  

Under this conceptual model, we outline the UBAC 
architecture illustrated in Figure 3. The large blue ovals 
represent data spaces. Large green rectangles represent 
process layers. The processes (blue squares) can operate 
(access and augment) asynchronously on the data in the 
adjacent data spaces. A desirable feature of this data-
process decoupled, layered architecture is that it 
modularizes the different levels of processing (feature 

Figure 2. Conceptual UBAC: from sensing to applications. The 

experimental work in this paper primarily addresses layers 1 

and 2. 

 

Figure 3. A Modular UBAC Architecture. 
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extraction, selection, classification, high-level 
interpretation); developers working within one layer need 
not have in-depth expertise regarding how other layers or 
processes (even within the same layer) are implemented. 
This modularization is similar in nature to the popular 
TCP/IP-based BCI platform BCI2000 [18]. However, 
BCI2000 is currently designed for synchronous data access. 
A distinguishing element of our model is the emphasis on 
decentralized asynchronous 1-n communication between 
data and processes/applications. We envision neural data 
being broadcast into the environment, affording multiple 
physically-separated processes and applications 
asynchronous access to cognitive state information. A 
distributed computing paradigm such as a tuplespace [7] is 
particularly suitable within this framework. A tuplespace is 
a “pool” of shared tuples, container objects holding a 
combination of data and associated tags. Clients request 
information by providing a “template” and tuples with tags 
matching the template are returned. Tuplespaces have a 
number of desirable properties such as 1-n communication, 
synchronous/asynchronous associative data access, and 
shared ‘memory’. They can be used as both distributed data 
structures (e.g., filling the role of data spaces in our model) 
and as a communication paradigm for data-process 
interaction.  

The remainder of this paper focuses on experimental results 
concerning the feasibility of using a single-electrode EEG 
device within the sensing layer to get useful feature data and 
applying feature extraction/selection and classification 
methods within the generic interpretation layer to identify 
some basic cognitive states of interest.  

TASK AND COGNITIVE STATE IDENTIFICATION 
This experiment was designed to test the potential for using 
a wearable, single-electrode EEG recording system for (1) 
effective classification of cognitive tasks performed by the 
user, and (2) discrimination between more general classes 
of cognitive and affective states, including cognitive load 
and interest level/engagement in a reading task. The overall 
experimental design is somewhat similar to that used by 
Keirn and Aunon [8] in that it utilizes a counterbalanced 
task order with sessions on separate days.   

Tasks and Conditions 

Tasks 

A preliminary analysis of a single subject indicated that two 
tasks, reading a novel and listening to preferred music, 
could be effectively discriminated using our single-
electrode system.  On the basis of this, we selected 2 
additional tasks that would allow us to fulfill the goals of 
the experiment. The 4 tasks were: ‘boring’ reading, 

‘interesting’ reading, listening to (preferred) music, 

relaxing.  

For the interesting reading task, we had participants read 
from self-selected interesting/engaging reading material, 
such as a novel they were currently engrossed in. Several 
subjects chose novels while others chose different reading 
material such as articles from favorite magazines.  For the 
second session (day), subjects either continued the reading 
material from the previous session or selected new material.   

The boring reading task involved reading an installation 
manual for a Motorola modem (session 1) and a Linksys 
router (session 2). To evaluate participants’ subjective 
interest in the two reading tasks, they were asked to fill out 
a survey at the end of each session rating their level of 
interest (0=‘boring’ … 5=‘very interesting’) and focus 
(0=inattentive/‘spaced out’ … 5=‘highly attentive’) during 
each of the reading tasks. Prior to commencing each reading 
run, we ensured that there was sufficient reading material 
left to span the entire 4-min run length.  

For the relax task (baseline), participants were asked to 
simply relax and to avoid reading or focusing intently on 
anything in the surrounding environment. All reading 
material was removed from sight prior to this task.  

For the music task, we had participants passively listen to 
pre-selected tracks from artists that they enjoy (different 
tracks were selected for each session with the constraint that 
each track must be at least 4 minutes, 10 seconds in 
duration). All reading material was removed prior to this 
task. Music was played though earphones and the subjects 
were free to adjust the volume during playback.  

After completing a task run, subjects were given the next 
task by the experimenter. There was a span of 
approximately 45 seconds between tasks. Subjects were 
permitted to take short breaks between tasks, if desired. 
Each session lasted approximately 1.5 hours, including 
setup and breaks.  

Participants  

Five individuals (excluding the pilot study participant) 
participated in this study (3 male). Participants were aged 
18-65 years old, right-handed, with no prior history of 
psychiatric disorder or brain injury. Participants were given 
a small gift to compensate for their time. Subject 3 
completed only the first session and 3 runs per task within 
this session.  

Environment 

Since we are interested in evaluating the potential for BCI 
under normal home or office conditions, experiments were 
not conducted in an insulated environment (as is often the 
case in EEG studies), but participants were  instead seated 
comfortably in a well-lit, quiet office room containing 
several computers.  
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Data Collection and Processing 

Research [2,16] as shown that frontopolar (forehead) EEG 
recording sites can be used effectively for various BCI 
classification tasks (including cognitive state 
discrimination). One advantage for using frontal sites is that 
it facilitates the use of gel-free electrodes which can 
significantly enhance the wearability of the device. To our 
knowledge, no one has attempted cognitive state 
classification using a single electrode (frontal or otherwise). 
A primary benefit of effective classification with a single 
electrode lies in reduced form-factor and therefore 
increased wearability and simplicity of the recording unit.  

For these experiments, EEG was recorded using the 
NeuroSky BrainWave PC Link

TM
 wearable recording system 

shown in Figure 1a.  The latest version (Figure 1b) retails for 
around $50-100, depending on the level of recording 
precision required ($5000 for the full development kit with 
additional development support, etc). The headband  model 
we used generally supports 1 or 2 DryActiveTM (gel-free), 
9mm EEG electrodes, embedded in the elastic headband, 
which approximately cover the Fp1 and Fp2 frontopolar 
recording sites (left and right, respectively), as defined by 
the international 10-20 electrode placement system [5] (our 
unit had only the Fp1 electrode installed). Reference and 
ground electrodes are also included, which are easily 
affixed (using standard electrode washers) at the left and 
right mastoid processes (the portion of the temporal bone 
protruding just behind the ear). The unit is powered by a 9-
Volt battery which can support extended use for ~15-20 
hours. The ground electrode is used as a safety precaution 
to eliminate any chance of electric shock or unit damage in 
the case of malfunction. The unit has an EEG amplification 
gain of 10,000 and an input impedance of 10K�.  A 60-Hz 
analog notch filter removes power line interference. EEG 
data is sampled at 128Hz and passed through an analog-to-
digital converter with 8 bits of accuracy. The digitized data 
was then relayed via a Universal Serial Bus (USB) cable 
connection to a laptop where it was stored for later analysis.  
The recent advent of Wireless USB (WUSB) and Ultra-
wideband technologies allow for wireless capability.   

Prior to affixing the headband, the skin covering the 
forehead and left and right mastoid processes was cleaned 
using alcohol wipes to remove oil and dirt. The headband 
was then placed such that the single active electrode 
embedded in the headband was in the general vicinity of the 
Fp1 site. Since we expect a wearable BCI to be used by 
individuals inexperienced with precise electrode positioning 
techniques, we specifically avoided reliance on highly 
precise positioning of electrodes. Reference and ground 
electrodes were affixed at the mastoid processes with 
electrode washers. We made certain the connection between 
the skin and electrodes were free of any hair or headband 
cloth prior to recording. 

The statistics of brain-waves are known to be nonstationary 
over extended periods of time [17] and temporal drift (in 
both DC and higher frequency components) can occur over 
shorter periods of time [5]. This nonstationarity may affect 
classification accuracy from one day to the next as well as 
the ability for a classifier model, trained on user data from 
one or more days to accurately classify data from a separate 
day. To evaluate the impact of day-to-day EEG fluctuations 
on classification accuracy, each subject participated in two 
sessions separated by at least one day. In each session, each 
task was performed for 4 minutes and 8 seconds and 
repeated 4 times over a session. To ensure that we had clean 
task data, the first and last 4 seconds of each run were 
discarded yielding a total of 16 minutes of data per task per 
session (32 min per task over both sessions). Task order was 
pseudo-randomized with the constraint that no more than 
two runs from the same task could occur back-to-back. This 
spacing ensured that subjects would not fall asleep due to a 
long sequence of relax or music tasks. The random ordering 
was intended to ensure that subject engagement in the 
current task would not be affected by knowledge of the next 
task (e.g., engagement in an interesting reading task (see 
tasks below) might decrease towards the end of a run due to 
anticipation of an upcoming less pleasurable task such as 
boring reading or relax). 

A 35Hz lowpass filter was applied to the recorded EEG 
data. Each 4-minute task run was then divided into sixteen 
15-second non-overlapping segments. The choice of 
segment length was motivated by an analysis of 
classification accuracy for different segment lengths 
(discussed in “Smoothing” section). Others [8,10] have used 
50% overlapping segments, but we found that this did not 
improve classifier performance and increased processing 
time due to a larger number of (presumably redundant) data 
samples.  

Feature Creation and Selection 

Deciding how to represent the raw data and which features 
to use is a crucial step in BCI work. Time-frequency (Short-
time Fourier transform (STFT), Wigner-Ville transform 
(WVT)) and spectral representations (power spectral 
density (PSD), power asymmetry ratio) [16,10,8] are 
commonly used. More complex features such as inter-
electrode phase coherence and common spatial patterns 
(CSP) are sometimes used as well [15]. Several of these 
methods may be applied to the data and combined to form a 
high-dimensional feature set. It is often desirable to prune 
this feature set using one or more feature selection methods, 
both to remove irrelevant features and to prevent over-
fitting (which can reduce classifier performance).  

Several of the features mentioned above compare signals 
from more than one electrode. Since we used a single 
electrode, we were limited primarily to basic time-frequency 
and spectral features. Other researchers [2,8,10,13,16] have 
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reported good results in cognitive state classification using 
WVT, bandpower (integrated spectral power over a 
continuous range of frequencies), and mean spectral power. 
Analysis of pilot study data revealed that time-frequency 
representations such as WVT and STFT were not suitable 
for this experiment, but power spectral features showed 
promise. This analysis led us to select, as our base feature 
set, bandpower over the low-frequency � (1-4Hz) band and 
the slow and fast components of each of three additional 
standard frequency bands known to be associated with 
various forms of neural activity and cognitive processing 
[5]: �1 (4-6Hz), �2 (6-8Hz), �1 (8-10Hz),  �2 (10-13.5Hz), �1 
(13.5-20), �2 (20-30Hz). Mean spectral power (msp) was 
also included as a base feature. To minimize artifacts, BCI 
researchers, including those who have focused on HCI 
applications, tend to highly constrain the physical behavior 
of the subject, having them maintain a rigid posture and 
eyes closed or fixated. We wished to create a setting more 
analogous to that of an actual user going about their day-to-
day business and we only asked that subjects not 
excessively clench their jaw or rest their head on their hand 
and to refrain from touching the electrodes or moving the 
headband during the experiment. We believe that some non-
mental ‘artifacts’ such as eye and muscle activity – which 
are often picked up by the sensitive EEG electrodes – can 
actually be useful predictors of cognitive state, and did not 
make additional efforts to remove them. For example, eye-
blink rate can be a useful predictor of task demand [20] and 
fatigue [1], while increased muscle tension can indicate 
negative affect [1]. Higher blink rate would manifest as a 
relative increase in � EEG power, while muscle tension 
generally results in increased � power. 

Power spectral density was estimated using the Welch 
method with a 128-point (1 sec) Hamming window and 
50% overlap. PSD was then integrated using the trapezoid 

method over each frequency band to obtain bandpower 
estimates. We then computed the ratio between each pair of 
the 8 base features, adding 28 additional features. A final 
feature was the ratio of the high frequency � bands to the 

mid-low frequency � and � bands: (�1+�2) / (�1+�2+�1+�2). 
Thus, our feature space consisted of a total of 37 features.  

Figure 4 shows a coded scatterplot of 4-task training and 
testing data samples for a single subject, single session, 
along two feature dimensions. The axes are logarithmically 
scaled. Note that while interesting and boring are both 
relatively well-separated from each other and from relax 
and music, music and relax show a fair degree of overlap in 
this feature space. Higher dimensional feature spaces 
provide improved separability for music and relax, but they 
nevertheless remained more difficult to separate. 

Feature Selection 

The initial 37-dimensional feature space was reduced with 
Stepwise Backward Selection (SBS). This is a simple, fast 
feature selection method that begins with the set of all 
features and iteratively removes the feature with the lowest 
contribution to the explanatory model. We assumed a 
simple linear regression model. On each iteration, each 
feature’s contribution to the sum of squares explained by the 
regression model is computed; the feature with the lowest 
non-significant contribution, with p-value measured by a 
partial F-test [9], is removed. The procedure terminates 
when all remaining features significantly contribute to the 
model’s explanatory power. The significance threshold, �, 
determines how selective we are in eliminating features. Due 
to processing constraints we limited the maximum number 
of selected features to 15 by starting with a large � (�=0.05) 
and re-running SBS with a slightly reduced � until the 
number of features selected was 15 or less. We note that 
with �=0.05, SBS rarely selected more than 14 features, so 
the overall information loss due to this limitation was 
minimal. We then further reduced the feature set by 
exhaustively searching the remaining set of features for the 
feature subset that minimized training error. While 
exhaustive search is guaranteed to find the optimal feature 
set [3], its run time is exponential in the number of features 
making it computationally intractable for large feature sets. 
Limiting the maximum number of features to 15, the entire 
feature selection and classifier training process could be 
completed in less than 15 minutes on average for a given 
subject. Once an optimal model is learned, new samples can 
be classified in a fraction of a millisecond.  

Note that all computation detailed in this paper was 
completed on a 1.8GHz Pentium 4 Windows XP laptop 
with 2 gigabytes of memory. Feature selection was 
performed on training data for each subject independently. 

 

 
Figure 4. Representative log-log scatterplot of 4-task data 

samples from subject 3, session 1. 
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