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[ Abstract)
This is a 1-year project (2013/08/01---2014/10/31), which is entitled “A Study for

Difference of Brainwave Due to Gender --- Using Preference for Human Computer
Interfaces as Examples”. The goal is to study whether there exist differences of brainwave

due to gender as one is selecting his or her preference for human computer interfaces. In



addition, we hope to understand whether the differences of brainwave due to gender can be
characterized or even judged by mathematical models. This project utilizes only simple
machines to practically measure the brainwave of a tested user as he or she is selecting his
or her preference for human computer interfaces. Finally, the collected brainwaves are
analyzed, modeled and judged by signal processing techniques.

The brainwave of this study means the EEG (electroencephalogram), which represents
the brain activities as one is stimulated by environments. The string “electro” means
“electrical”, “encephalo” means “brain”, and “gram(ma)” means “picture”. The EEG
measurement is economic, secure and convenient, and thus has been applied to different
research fields including medical engineering, human factors, ..., etc. In this project, we
plan to apply the EEG to gender technologies. On the other hand, the field of human
computer interface studies the interactions between users and machines. In information and
communication systems, designed pictures and icons are often utilized to serve as human
computer interfaces between users and machines. This is because designed pictures and
icons can help one easily understand the meanings communicated by displays’ screens, and
thus become good media for conveying meanings of information systems.

From the views points of gender technologies, we think that there should exist
differences of brainwave due to gender as one selects his or her preference for human
computer interfaces. In addition, we think that differences of brainwave due to gender can
be characterized or even judged by signal processing techniques. The signal processing
technique of this study is the “probabilistic pattern recognition”, which is also named
“fingerprinting”. The human computer interface of this study is the icons of mobile phones’
screens. Samples for icons of mobile phones’ screens are randomly displayed on a
computer screen to test users. When a tested user is watching an icon, his or her EEG
brainwaves at different frequency bands are automatically collected by EEG sensors and
the control software. Collected EEG data are then analyzed, modeled and finally judged by
probabilistic pattern recognition or fingerprinting techniques. The flowchart is divided into
two stages --- training and testing stages. The training stage is off-line and means to
construct databases of EEG signals for comparisons in the future. The testing stage is
on-line and means to judge gender and his or her preference from instantaneous EEG

measurement.



This project utilized only low-cost equipments together with signal processing
techniques to measure and discussed differences of brainwave due to gender as one selects
his or her preference for human computer interfaces. This project covers different fields
including communication technologies, human factors and gender technologies. We hope
this project will have contributions to the development of gender technologies in our

country.

KeyWords: Gender, Brainwave, Human computer interface, Preference

I. INTRODUCTION

Signal processing techniques play important roles in EEG (electroencephalogram) due
to gender, which records electrical activities to reflect different states of the human brains
due to gender. Suitable signal processing of EEG will help one obtain important features of
EEG due to gender and then understand states within the human brain, e.g. [1-5]. In recent
years, increasing attention has been devoted to the analysis of EEG signals in
human-computer interfaces due to gender, which play important roles in modern consumer
electronics. It would be interesting to study whether human subjective preference for
human-computer interfaces due to gender can be manifested by objective EEG analyses.
This is the motivation of this study.

In this study, the EEG fingerprinting is applied to prediction of participant’s preference
for mobile-phone interfaces due to gender. Without loss of generality, message icons of
mobile phones are considered as examples of human-computer interfaces. In our past
studies [6-8], the fingerprinting together with probabilistic pattern recognition has been
successfully utilized to achieve wireless localization. Since signals of EEG and wireless
communication are both time-varying with random fluctuations. This then motivates us to
apply fingerprinting together with probabilistic pattern recognition to the signal processing
of EEG due to gender. In our EEG treatment, the time-varying magnitude of EEG signals at
different frequency bands is recorded for probabilistic pattern recognition and
fingerprinting. The EEG fingerprinting is divided into two stages, i.e., off-line training and

on-line testing. Experiments and analyses show that the participant’s preference for



interfaces of mobile phones due to gender can be successfully predicted by fingerprinting
on EEG.

Il. EXPERIMENTS

Without loss of generality, message icons of mobile phone are considered as examples
of human-computer interfaces. There are 8 samples of message icons denoted as icons #1,
#2, #3, ..., and #8, as shown in Fig. 1. These message icons are drawn by using the
commercial software “lllustrator” based on frequently used practical mobile phones. As
classified in Fig. 1, the 8 message icons cover attributes of concreteness and complexity,
which are important factors for human-computer interactions. There are 60 healthy
participants (30 males and 30 females) selected from students of the National Cheng-Kung
University in Taiwan. For each participant, the 8 icons of Fig. 1 are randomly displayed
one by one on a laptop computer screen to him or her for 3 minutes. Each participant
evaluates his or her subjective preference for an icon by grading it as “point +1” (Like),
“point 0” (Neutral) or “point -1” (Dislike). When a participant is watching and evaluating
an icon, his or her head is synchronously attached with a band-type EEG sensor as Fig. 2
(photo) and Fig.3 (illustration). The EEG sensor used in this study is similar to that of
reference [9], and is named “NeuroSky Mindband”. Such a band-type EEG sensor is
low-cost, and consists of two active electrodes (attached on the forehead) and a reference
electrode (attached on the earlobe) to measure the EEG. Measured EEG signals are
transmitted to a laptop personal computer through the Bluetooth wireless communication.
The whole measurement process is automatically controlled by computer software
accompanied with the hardware. The control software can display and automatically record
the time-varying magnitude of EEG signals at 6 frequency bands including & (0-4 Hz,
denoted as band #1), 6 (4-8 Hz, denoted as band #2), Low o (8-10 Hz, denoted as band #3),
High a (10-12 Hz, denoted as band #4), Low 3 (12-20 Hz, denoted as band #5), and High 3
(20-30 Hz, denoted as band #6). Note that the magnitude for each frequency band is
time-varying due to random fluctuations of environments and uncertain activities of human
brains. Instantaneous values for magnitude of EEG at all the 6 frequency bands are
recorded every one second. Each measurement continues for 170 seconds so that we have

170 successive data sets with each data set containing magnitude at 6 frequency bands. The



first 100 data sets are utilized for off-line training and the remaining 70 data sets are

utilized for on-line testing.

I11. ANALYSES

The goal is to predict the participant’s preference for mobile-phone interfaces through
EEG fingerprinting, which is based on the probabilistic pattern recognition. Similar to our
past studies [6-8] in wireless localization, the flowchart includes two stages, which are
off-line training and on-line testing.

In the off-line training, the training samples of EEG data (i.e., the first 100 successive
data sets of each measurement) are first classified into 18 (=6x3) groups according to 6
frequency bands (#1, #2, ..., #6, denoted as “#q”) and 3 levels of points (+1, 0, -1, denoted
as “r”) graded by participants. The mean and standard deviation for each group of EEG
data are calculated as y,, and o, (=1, 2, ..., 6; r=+1, 0, -1), respectively. These two
quantities are important in probabilistic pattern recognition of the next stage.

In the on-line testing, the goal is to predict which level of point that a participant has

graded the icon through measured EEG signals. Assume the instantaneous EEG magnitude
at 6 frequency bands is S= [s,,S,,--*,Ss]" where “T” denotes the transposition and sq (9=

1,2, ..., 6) denotes the instantaneous EEG magnitude at frequency band “#q”. Let “R” is a

variable denoting the level of point graded by the participant. For prediction, one should
compute the probability of R=r (r= -1, 0, +1) given that EEG S occurs, i.e., P(R=r|S).
However, the quantity P(R=r]|S) is difficult to obtain. Alternatively, the quantity
P(S|R=r) is considered instead. According to the Bayes’ Theorem of Probability
[10-11], we have
P(R=r|S)=P(S|R=r)P(R=r)/P(S) « P(S|R=T). (1)

Note that P(§| R =r) is much easier to obtain than P(R=r |§) . Therefore, the quantity
P(S|R=r) will replace P(R=r|S) as the likelihood function. That is, the goal

becomes to compute P(S | R = r). For simplicity, the sq(@=1,2, ..., 6) is assumed to have

a Gaussian distribution as



1 - (S —H r)2
exp{————""—}, (2)
N2ro,, 20':,r

where 4, and o, are the mean and standard deviation, and have been determined in the

P(s,IR=r1)=

off-line training stage. In addition, components of S are assumed to be mutually

independent. Thus the likelihood P(§| R =r) becomes

P(S|R=r)= H{ \/2—; exp{_ (S“Z;f o) }} 3)

forr=+1,0, -1. Assume R =k has the highest likelihood in (3) among all possible values of
R. Thus one may predict that the on-line test EEG is captured from a participant when he or

she is grading the icon as “point k.

IV. RESULTS
Initially, the EEG brainwaves for males are studied. Three examples are given to
illustrate the above analyses. In the first example of testing, we randomly choose 70 data
sets of on-line EEG from a participant when he or she is grading the icon as “point +1”.

Note that none of the 70 testing data sets belong to the training data sets. Each time of

testing requires one data set of EEG (i.e., S). Thus there are 70 times of testing in total.

The goal is to predict the level of grade that the participant has evaluated the icon given that

EEG S occurs. According to (3), the likelihood value that the participant has graded the
icon as “point +1”, “point 0” or “point -1” can be calculated, respectively. The
computations are repeated 70 times, i.e., are repeated for all the 70 testing data sets. Fig. 4
shows the average likelihood values for the occurrence of different points of scores as a
male participant is grading the icon “point +1” (Example 1), ”point 0” (Example 2)
or ”point -1” (Example 3). The left part of Fig. 4 shows the average likelihood value for the
occurrence of different points of grades. The fact is that the participant has graded the icon
as “point +1”. From the left part of Fig. 4, it reports that the average likelihood value for
“point +1” is the highest among all the three likelihood values (for points +1, 0, -1), as

circled and marked with “prediction”. Thus we predict that the on-line EEG is captured



when the participant is grading the icon as “point +1”. This is consistent with the fact and
then the prediction is correct. In the second example of testing, we randomly choose 70
data sets of on-line EEG from a participant when he or she is grading the icon as “point 0”.
The other arrangements are the same as those of the first example and the result is shown in
the middle part of Fig. 4. From the middle part of Fig. 4, it reports that the average
likelihood value for “point 0” is the highest among all the three likelihood values (for point
+1, 0, -1), as circled and marked with “prediction”. Thus we predict that the on-line EEG is
captured when the participant is grading the icon as “point 0”. This is consistent with the
fact and the prediction is correct. In the third example of testing, the 70 testing data sets of
on-line EEG are randomly chosen from a participant when he or she is grading the icon as
“point -1”. The right part of Fig. 4 reports that the average likelihood value for “point -1 is
the highest among all the three likelihood values (for point +1, 0, -1), as circled and marked
with “prediction”. Thus we predict that the on-line EEG is captured when the participant is
grading the icon as “point -1”. This is consistent with the fact and the prediction is correct.

Next, the EEG brainwaves for females are studied. The other arrangements are the
same as the above (for males). That is, there also are 3 testing examples for females as the
above (for males). Fig. 5 shows the average likelihood values for the occurrence of
different points of scores as a female participant is grading the icon ”point +1” (Example
1), ”point 0” (Example 2) or ”point -1” (Example 3). Compared with Fig. 4 of males, Fig. 5
reports that the discrimination of the three points for females is more obvious than that of
males. That is, the EEG brainwaves of females are more discriminable than those of males.
This may be due to that a female often has more complex thinking or consideration in
choosing human computer interfaces. This result is consistent with our general
impressions.

The above computations are implemented by Visual Studio C++ programming and

Microsoft Excel softawre in a laptop computer with CPU of Intel Core i7.

V. CONCLUSION
This study gives novel signal processing aspects of human-computer interactions due
to gender. The participant’s preference for message icons of mobile phones is successfully

predicted by fingerprinting on EEG due to gender. Thus we conclude that one’s subjective



preference for human-computer interface due to gender can be predicted by the objective
tool of EEG measurement together with signal processing. Results show that the EEG
brainwaves of females are more discriminable than those of males. This may be due to that
a female often has more complex thinking or consideration in choosing human computer
interfaces. This result is consistent with our general impressions. The signal processing
techniques and research flowchart of this study can be applied to many other problems of

human-computer interactions due to gender.
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Fig. 2. The photo of the band-type EEG sensor.
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