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Generalizability of EEG-based Mental Attention Modeling with
Multiple Cognitive Tasks

Aung Aung Phyo Wai∗, Maokang Dou∗ and Cuntai Guan∗∗

Abstract— Attention is the foundation of a person’s cognitive
function. The attention level can be measured and quantified
from the electroencephalogram (EEG). For the study of atten-
tion detection and quantification, we researchers usually ask the
subjects to perform a cognitive test with distinct attentional
and inattentional mental states. Different attention tasks are
available in the literature, but there is no empirical evaluation
to quantitatively compare the attention detection performance
among the tasks. We designed an experiment with three typical
cognitive tests: Stroop, Eriksen Flanker, and Psychomotor
Vigilance Task (PVT), which are arranged in a random order
in multiple trials. Data were collected from ten subjects. We
used six standard band power features to classify the attention
levels in four evaluation scenarios for both subject-specific
and subject-independent cases. With cross-validation for the
subject-independent case, we achieved a classification accuracy
of 61.6%, 63.7% and 65.9% for PVT, Stroop and Flanker
tasks respectively. We achieved the highest accuracy of 74.1%
and 65.9% for the Flanker test in the subject-dependent and
subject-independent cases respectively. Our evaluation shows
no statistically significant differences in classification accuracy
among the three distinct cognitive tasks. Our study highlights
that EEG-based attention recognition can generalize across
subjects and cognitive tasks.

Keywords— Brain-Computer Interface, Attention, Cognitive
tests, Subject-independent cross-validation.

I. INTRODUCTION
A Brain-Computer Interface (BCI) uses brain signals from

a person enabling to communicate or control of external de-
vices, and assess the person’s cognitive states [1]. Recently,
BCI applications have been targeted to healthy people rang-
ing from cognitive training, entertainment to medical eval-
uations etc. with miniaturization of electroencephalogram
(EEG) sensing and user-friendly form-factor [2]. According
to the differences in level of user’s control and external
stimulus required or not, BCI can be classified into active,
reactive and passive types [1]. The passive BCI derives its
outputs from arbitrary brain activities without any voluntary
control or mental tasks. That enables passive BCI simple to
operate as mostly single or a few electrodes around frontal
brain lobe is required to test user’s attention and mental
states. With the improvements and development of dry
wearable EEG headband, passive BCI can be incorporated
in our daily life and multiple usage scenarios [3].

Passive BCI might capture cognitive states of a subject
without distracting the subject from the primary task or af-
fecting the subject because of the judgments of observers [3].
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In addition, with advantages of electroencephalogram (EEG),
such as low cost, high availability, convenient setup, etc.,
EEG-based passive BCI has gained increasing popularity in
mental states recognition researches [4]. Many studies have
shown that brain activities in the frontal and pre-frontal
lobe correspond to the subject’s personalities, emotions,
attentions, etc. Therefore, EEG measured at frontal areas can
assess and quantify the changes in one’s attention state [5].

Attention is important for and positively correlated with
learning, memory and cognition capability. Attention affects
the performance of everyone’s daily life that involved in
most of the tasks we performed that can be measured and
quantified using EEG. Thus, effective methods for measuring
people’s attention level is useful in many applications, such
as improving learning efficiency, vigilance detection while
driving, attention training and rehabilitation [6]. However,
attention is a complex neural and psychological phenomenon
which involves various brain structures and mechanisms. We
can broadly classify Attention into (1) selective attention
with focusing on a specific object for a certain period despite
distractions. (2) sustained attention for maintaining a focus
on one object for a lengthy period. (3) divided attention to
focus on multiple objects simultaneously and (4) executive
attention for blocking out irrelevant features while focusing
on important objects relevant to EEG-based mental attention
measures. The large-scale randomized trials of attention
deficit hyperactivity disorder (ADHD) children with BCI-
based attention training showed both improvements ADHD
symptoms and maintain the improvements after training [7].
Although different surrogate cognitive tests are used to model
for classifying attention levels, there is lack of empirical
study on performance difference between these cognitive
tasks and generalizability of these tests in recognizing at-
tention.

In this study, we design an experiment to test the attention
recognition performance with three cognitive tests in subject-
dependent and subject-independent cross validations. Section
II explains the details of experiment design, evaluation and
analysis methods. We present some discussion on analysis
results and future works in Section III and conclusion in
Section IV.

II. MATERIALS AND METHODS

This study focuses on three cognitive tests that measures
and evaluate selective attention and sustained attention types
such as Stroop, Flanker, and psychomotor vigilance task
(PVT) tests. Selective attention is important for intelligent
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TABLE I
CV OPTIONS USED IN PERFORMANCE EVALUATION OF DIFFERENT COGNITIVE TESTS

CV Option Meaning Description
L1BO Leave-One-Block-Out Similar to 9 folds. Single block contains individual (A, IA) task pair.

L1SessO Leave-One-Session-Out Similar to 3 folds. Single session includes all three blocks of (A, IA) pairs.
L1TO Leave-One-Test-Out Train on 2 tests and remaining test as Test data. We defined three variants according to the data segmentation.

L1SubO Leave-One-Subject-Out Train on N-1 subjects and remaining subject as Testing. Subject independent cross validation.

behaviours since people have to select task-relevant infor-
mation and keep themselves from distracted by misleading
information [8]. Sustained visual attention is critical for
performing cognitive tasks such as driving, concentrating in
lectures, and monitoring sophisticated equipment [9]. Stroop
task assesses a subject’s selective attention where the subject
is required to name the ink color of words [10]. Flanker task
also tests a subject’s selective attention where the subject
is presented with a target stimulus that is surrounded by
non-target stimuli, and the subject is required to respond
to the target stimulus only [11]. PVT measures the speed
with which subjects respond to a visual stimulus [9]. To
minimize rapid reduction of subjects’ attention level due to
boredom and repetitiveness, we randomize the sequence of
the above mentioned tasks in multiple sessions as shown
in Figure 1. Each experiment session has three blocks of
respective task as attention class (A) and the same condition
for inattention class (IA) in all blocks. For IA class, we
instructed the subject slowly looks around the screen border
without focusing on specific position on the screen. In each
attention (A) duration, subject need to repeat the same task
about 10-13 trials according to subject’s response times.
For whole inattention (IA) duration, subject will repeatedly
perform the task until the task ends. Both A and IA tasks
are approximately 30 s each in Figure 1(a). Each test subject
follows on-screen instruction and stimulus presentation on
both tasks and requires to press the space bar with their major
arm to capture response time in different attention tasks.

Fig. 1. Experiment Design and Protocol (a) Data collection scenario [A:
attention, IA: inattention] (b) Subject performs the experiment with wearable
EEG headband.

Figure 2 shows the processing pipeline to classify and
recognize attention levels from EEG data. Eye tracker data
are mainly used to remove the trials with excessive eye

blinks and incorrect gazes during the experiment. The pre-
processing step includes the sample-based processing of
input EEG signals, X ∈ RN×M where N is the number
of channels and M is the number of EEG samples. We first
apply zero-phase fourth order IIR band-pass filters of 0.5 to
45 Hz and normalize data. We then perform segment-based
processing with The pre-processed EEG data firstly segment-
ing EEG data into 2 s epoch with overlapped of 100 ms
window. Besides discarding trials with ocular artifacts using
eye tracker’s gaze conditions, we further remove artifacts by
applying a set of moving average filters. Finally, we extract
six bandpower features (δ(0.5 − 4Hz), θ(4 − 8Hz), α(8 −
12Hz), βlow(12−18Hz), βhigh(18−30Hz), γ(30−40Hz))
per channel by applying filter banks to compute the energy of
the respective bands. With distinct attention (A) and inatten-
tion (IA) representative label as per protocol design 1, atten-
tion recognition is regarded as binary classification to classify
attention and inattention resulting to provide attention scores
that reflects user’s mental attention. We used SVM classifier
with RBF kernel (C=2, γ=0.5) to train attention models with
baseline attention and inattention class data as SVM often
performed better than other classifiers [12], [13].

Fig. 2. Data analysis methodology and processing pipeline

III. DATA ANALYSIS AND RESULTS

We got the written informed consent from all participants
before the experiment. After setting up the experiment,
’resting EEG’ data of closed eyes and open eyes are recorded
before cognitive tests. We collected data from 10 healthy
adults using wearable EEG Muse headband (Interaxon Inc.)
and desktop eye tracker (Tobii AB) to capture subjects’ brain
signals and eye gazes respectively. We use four electrodes po-
sitioned at Tp9, AF3/Fp1, AF4/Fp2 and Tp10 with common
reference located at Fpz. For fair performance comparison,
we used different cross validation options as shown in Table I
to evaluate the performance of attention classification among
different tasks while using the same analysis pipeline. The
subject-dependent validation includes L1BO, L1SessO and
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L1TO whereas L1SubO is subject-independent validation.
L1TO can be divided into three variants according to number
of data blocks included in evaluation. L1TO-Block test data
include single block, L1TO-Sess test data include three
blocks and L1TO-Sub test data include nine blocks (all
sessions data). In each L1TO variant, we only use any two
tests (out of PVT, Stroop and Flanker) as training data and
the remaining as testing data.

Fig. 3. Performance Comparison between Subject-Dependent and Subject-
Independent classification accuracy.

Figure 3 shows accuracy comparison of three cognitive
tests in different cross validation options of Table I. Al-
though being a small sample size, accuracy difference be-
tween subject-dependent without L1TO variants and subject-
independent validations are less than 10%. This highlights
attention modeling using three cognition tests can represent
the general attention states of the subjects. There is no
statistical significant difference among different task pairs
(PVT, Stroop, Flanker) in accuracy except L1TO-Block and
L1TO-Sess as shown in Figure 3 using Wilcoxon Rank Sum
test.

Although no significant difference in accuracy among
cognitive tests in subject-independent evaluation, there is a
statistically significant difference in a comparison of behav-
ioral response in terms of reaction time as shown in Figure 4.
As expected, less significant difference between Stroop and
Flanker tests as both represent surrogate measures of selec-
tive attention. Although PVT test is shorter reaction time than
other two tests, its attention classification accuracy is lower
than others although no statistically significant difference
among them. This further validates generalizability of EEG-
based attention modeling using those cognition tests to rec-
ognize spontaneous and continuous attention levels. Though
no statistical significant differences, attention modeling with
Flanker tests achieves 4−6% higher accuracy than other two
tests as shown in Figure 4(b).

We use six EEG band power features in our evaluation
analysis. Among these features, different combination of θ,
α and β band power features are used to derive focus or en-
gagement index without modeling [14]. Also, the inclusion of
δ in features must be careful as different artifacts may contain
in the EEG signals resulting biases towards potential artifacts

Fig. 4. Comparison between behavioral and EEG responses among cog-
nitive tests (a) reaction time (b) subject-independent accuracy [** indicates
significant difference at p < 0.001 and * indicates significant difference at
p < 0.05].

or noises. With dry EEG electrodes, higher frequency like γ
band is susceptible to external noises and interference. But
we consider all six standard EEG band powers to further
evaluate whether each band power performs differently be-
tween different cognition tests or not in attention modeling.
So we evaluate whether significant difference with specific
band power features between different test pairs in terms of
percentage of subjects as shown in Table. II. Interestingly,
only βLow band power features show no statistical significant
difference among tests. This highlights the similar βLow

features representation are captured among cognition tasks.
The θ band power features show high significant difference
between test pairs that concludes high variability of this
feature among subjects in selected cognitive tasks.

TABLE II
STATISTICAL SIGNIFICANT DIFFERENCE IN BAND POWER FEATURES

COMPARISON BETWEEN DIFFERENCE PAIRS OF COGNITIVE TESTS.[%
SHOW NUMBER OF SUBJECTS WITH STATISTICAL SIGNIFICANT

DIFFERENCES AT p < 0.001 LEVEL.

Tests/Bands δ θ α βL βH γ

PVT Vs Stroop 10 % 30 % 0 0 10 % 0
PVT Vs Flanker 0 40 % 0 0 20 % 0

Flanker Vs Stroop 0 20 % 20 % 0 0 10 %

Figure 5 shows the accuracy comparison between subject-
dependent (L1BO) and subject-independent (L1SubO) evalu-
ations of Flanker test in all subjects. Except subject ’S9’, the
rest of the subject shows accuracy in L1BO is higher than
that of L1SubO. This result highlights to further conduct in-
depth analysis of how features from ’S9’ differs with other
subjects. The Wilcoxon Rank Sum test with the mean subject
accuracy shows marginally statistical significant difference
at p = 0.043 between L1BO and L1SubO. The lower in
accuracy with L1SubO of 65.9% can possibly be due to
the small sample sizes of 10 subjects as well as no optimal
features selection. Related to results in Table. II, subject-
specific features selection and optimization might require for
performance improvements due to differences and similarity
in band power feature representations among subjects.
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Fig. 5. Performance Comparison between subject-dependent and subject-
independent classification using flanker test.

IV. DISCUSSION AND CONCLUSION
Our study shows the similarity in attention recognition per-

formance among different cognitive tests. But the significant
accuracy differences among tests in L1TO-Block and L1TO-
Sess (Figure 3) might be due to combination of two tests
instead of single test like L1SessO. According to features
differences among subjects in each feature, we can high-
light θ band features are highly inconsistent features among
subjects. Although we did quantitative comparison using 4-
channel EEG, there is still a debate on the quality of mea-
surements taken from consumer EEG headbands [15]. We
need to further validate our findings to simultaneously take
measurements from research-grade wet EEG and consumer-
grade dry EEG with in-depth data analysis and systematic
performance comparison [13], [16].

Still, our results only consider the accuracy criteria with
standard EEG band power features. We still need to further
test whether similar findings can achieve with other EEG fea-
tures and more numbers of subjects. We will further test on
collecting data from more subjects and applying no manually
crafted features by applying deep learning approaches [17].
We will investigate on other temporal, spectral and spatial
features beyond basic band power features to model at-
tention. This study highlights the generalizability of EEG-
based mental attention models using different cognitive tasks.
With the prevalence of the consumer wearable headband, the
applications of passive BCI to measure and quantify user’s
cognitive health and task improvements can be seen in real-
world usages in near future [18], [3].
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