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ABSTRACT
It is well known that the brain generates electrical patterns
of activity in response to visual stimuli such as faces or any-
thing that captures attention in a significant way. Signals of
this type can be detected using an EEG (Electroencephalo-
graph) system where we attach electrodes to the scalp and
we amplify the detected signals and use a computer to cap-
ture them in real time. In this paper we examine the role
that automatic sensing of brain activity may have on how
users interact with interactive applications like Facebook.
This o↵ers a new opportunity for implicit feedback into such
systems and in our work we focus on social networking ap-
plications. We demonstrate some of these implicit responses
with experimental data captured while a user searched Face-
book for photos of friends while being connected to an EEG.
Finally, we discuss the implications that this kind of auto-
matic implicit feedback may have on future design of such
systems.

Categories and Subject Descriptors
H.4 [Information Systems Applications]: Miscellaneous;
D.2.8 [Software Engineering]: Metrics—complexity mea-
sures, performance measures

General Terms
Human Factors, Experimentation
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1. INTRODUCTION
In this paper we examine the role that automatic and

passive sensing of brain activity may have on how users in-
teract with online social networks like Facebook. We are
particularly interested in online social networks such as Face-
book because they have become communication and organ-
isational tools in their own right, whereby users in many
cases have hundreds of friends [3] with whom they interact
with.

It is well known that the brain generates electrical pat-
terns of activity in response to visual stimuli such as faces
or anything that capture attention in a significant way. This
response is uncontrollable and automatic, and happens in a
fraction of a second, from 200ms upwards. Signals of this
type can be automatically detected using an EEG (Elec-
troencephalograph) system whereby we attach electrodes ju-
diciously placed at certain locations on the scalp. If the de-
tected signals are coupled with presentation of visual infor-
mation as part of a social network application like Facebook
then they can detect implicit feedback from the user to that
stimulus, which could be, for example, the face of a friend
or a recommended connection. Such a scenario would give
a fascinating insight into how personalisation algorithms
which recommend friends could be improved in online so-
cial networks. In addition, because such feedback would be
implicit and not explicit, it would reduce the cognitive load
a user copes with while they navigate an environment which
presents them with an abundance of social information.

We believe that capturing implicit feedback in any kind of
interactive system o↵ers huge potential where the response
must be fast and the user is under stress. In this paper
we use online social network systems as an example of such
an interactive system and we discuss the implications this
kind of implicit feedback may have on future social network-
ing applications. We also demonstrate some of these re-
sponses with experimental data captured while a Facebook
user searched for photos of friends though this experiment
is just an initial observation regarding the use of brain com-



puter interaction with online social networks.

2. BACKGROUND
In this section we present background information on pre-

vious work in electroencephalography and on personalisa-
tion. As the fields do not have any kind of combined work,
we divide the background into the two primary sections.

2.1 Electroencephalography
It is well known that the brain generates electrical signals

as a result of our cognitive reaction to various stimuli, in-
cluding visual stimuli and that changes in these signals can
reflect aspects of our cognitive and sensory processing of
these stimuli. Over the past century from the initial discov-
ery of these signals in humans, their detection has provided
a mechanism for us to glean insight into on-going processes
within the brain.

The human brain generates a constant stream of electrical
activity, even when we are sleeping, and these can be sensed
and amplified and then captured on a computer. Within the
stream of EEG signals are perturbations related to specific
cognitive and sensory events. Of particular interest to us
are those related to sensory events whose timing and content
can be controlled, i.e. we can control an image presented to
a user on a computer screen and we can analyse the EEG
signal for perturbations at a specific time epoch after the
image is presented. Analysis of the EEG signal in the time
domain with respect to the time of display of a particular
stimulus is more commonly known as an Event Related Po-
tential (ERP) [12]. Several classes of ERPs exist, with some
occurring in reaction only to stimuli such as faces. Others
are known to be modulated by factors like our attention and
arousal levels to outlier stimuli and how these might deviate
from a consistent pattern. An example of such a deviation
would be a photo stream of photos with a photo of a friend
suddenly appearing in the stream when not expected.

EEG signals have been typically used in a diagnostic ap-
plication to detect epilepsy or brain death, or in the study of
the various processes in brain, and with modern advances in
computational power they are now capable of being studied
and classified in real-time, allowing them to drive brain com-
puter interface (BCI) systems. EEG signals have even been
shown to be modulated by a↵ective picture processing, in-
dicating their suitability for use in applications that involve
sensing aspects of sentiment and emotion [13]. Blankertz et
al. [2] highlights a number of application area where BCI
technology and particularly EEG could prove beneficial in.

With the recent availably of consumer EEG hardware
making EEGs with small numbers of nodes (8 or 16) cost-
e↵ective as opposed to EEGs with up to 256 nodes, research
e↵orts are now endeavouring to find applications almost at
the consumer level. Indeed Wikipedia lists 9 consumer-level
EEG systems, all but one costing less than US$300 [1]. One
example of this is the Emotiv EPOC EEG system being used
for control of a cellular telephone [4]. Other applications in-
clude image-search applications [10].

In a modern social networking system, a user selecting
an option indicating that they like some multimedia content
such as a video on a friend’s page can be telling of both their
opinion of that content and their relationship to the person
who shared it. Conversely, a user might browse the content

made available by a friend in a way that would typically
be expected to result in explicit feedback, but without this
the user may be implicitly informing us of a fundamentally
di↵erent type of relationship with the person who posted
the content at that time. An example of this might be the
Facebook stalker phenomena [15]. In e↵ect the degree of
understanding we can have about each user in an online
social networking system like Facebook is limited by the
sum of their explicit and implicit feedback.

Modern algorithmic techniques used to understand the
relationships between users like this to find significant re-
lationships remain fundamentally limited by the degree to
which such systems can sense the user. For this reason we
envision the use of sensing devices like EEG responses to
begin playing a more integral role in the future of social-
networking applications.

2.2 Personalisation
The use of personalisation techniques which leverage so-

cial networks has become increasingly prominent due to the
availability of social data. There has already been significant
exploration into what is known as social ties [8]. A social
tie is the online world is simply some form of interaction
with a friend in an online environment. In the work carried
out by Gilbert et al. [8] a large scale qualitative survey was
carried out to try and understand which online interactions
were more meaningful or representative of friendship in on-
line environments. Similar work has also been performed
that looked beyond social ties into what is known as trust
[9]. Here, the authors look to identify traits that make a
user more truth-worthy as opposed to measuring social in-
teractions as seen in [8]. Other work which explicitly looked
into the likelihood of social influence correlating with simi-
larity was carried out in [5] where the authors performed an
analysis of two large-scale online communities where indi-
viduals interacted with each other, namely wikipedia.org

and blogger.com. They found that over time users with
social ties do become more similar. Finally in the case of
social ties directly infused into personalisation, work was
carried out to measure the e↵ectiveness of social ties com-
pared to similarity at predicting relevant items [3], where the
authors found in most cases no significant increase could be
determined computationally. Other relevant works which
measure social tie exposures was carried out to determine
if personality traits impact someone’s popularity amongst
their social network [14].

In the subsequent sections we discuss this further demon-
strating one potential application using through experimen-
tal means.

3. EXPERIMENTAL SETUP
To combine implicit feedback from EEG readings with

recommendations of friends from one’s social network and
using face recognition as the visual stimulus, our implemen-
tation consisted of two elements. The first was the social
network application, a tool used to collect relevant informa-
tion from our subjects’ social networks for our experiment.
The second component was the EEG configuration which
involved the physical configuration of the hardware as well
as the machine learning techniques to identify event-related
potentials.

3.1 Social Network



For the purpose of our study we used the widely-known
social networking website Facebook.com. Each test subject
in our experiment used a custom Facebook application we
created specifically for this work. This application gathered
the profile pictures of the test subjects’ friends so that these
could later be used in the experiment. During the experi-
ment, each subject would be shown 1440 images of people
in total, with 120 of these being friends and the other 1,320
being people the subject had no known familiarity with. Fol-
lowing the experiment the subject was asked to filter through
the 120 friend images to label those whom they recognised
as friends. The sample of friends were prescreened to ensure
that their profile pictures actually contained that particular
users profile picture as well as meeting size constraints. We
assigned a very simple social tie score to each friend (Equa-
tion 1). Where a is our experiment user and we want to
generate a social tie score for their friend i, we take the to-
tal number of public interactions between both users and
divide that over the total number of public interactions user
a has.

SocialT ie(a, i) =
InteractionBetween(a,i)

TotalInteraction(a)
(1)

3.2 EEG Configuration
We used a KT88-1016 EEG system to record EEG signals

from the subjects. Electrodes were placed at sites Fz, Cz,
Pz, Oz, P3 and P4 as per the international 10-20 system
placement map [11]. The left earlobe was used as a reference
and the chin was used as ground. Signals were digitised at
100Hz and subsequently band-passed from 0.1Hz to 20Hz.

Each image of a face, which was our visual stimulus, was
shown centrally on a screen for 750 milliseconds. Both target
(friend) and non-target (unknown person) images were pre-
processed prior to the experiment to adjust them so there
was a consistent profile and aspect ratio. The experiment
was broken into two blocks with each lasting approximately
9 minutes, in order to avoid subject fatigue.

To determine whether patterns of di↵erentiating EEG ac-
tivity exist following the presentation of an image of a recog-
nised friend vs. a non-friend profile picture, we used a ma-
chine learning analysis on the subject’s EEG signals. Epochs
of 1s following the presentation of each image were extracted
for the 6 channels or in other words we captured the EEG
signal from the 6 channels for 1000ms after initial presenta-
tion, sampling every 10ms. These values were amalgamated
to form a labelled feature vector corresponding to pictures
of recognised friends vs. unrecognised people.

We used a repeated random sub-sampling cross valida-
tion with a linear SVM kernel approach. Testing sets were
comprised of 5 randomly-sampled examples from each of the
cases to be compared, with the remaining examples used for
training by the SVM training algorithm.

The validation procedure was repeated 100 times with
randomly sampled training and testing sets. On each itera-
tion of the validation procedure we used the trained model
to generate predictions for the examples in the testing set.
By demonstrating that the trained model is capable of doing
this above the likelihood of chance we can assert the pres-
ence of discriminative information present in the signals that
allows them to be di↵erentiated. We use ROC-AUC [7] as
a measure of accuracy. Accuracies across all iterations were
then averaged to give an overall score.
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Figure 1: Predicted value if friend or not.

4. EXPERIMENTAL RESULTS
To date we have tested our experimental configuration on

one test subject, a male in the age range 28 to 32. As pre-
viously mentioned our experiment is an initial observation
regarding the use of brain computer interaction with online
social networks. Our test subject who completed the ex-
periment had in total 753 Facebook friends, and we took
a sample of 120 of these friends. Out of these 120 friends,
the subject recognised 48 in total (a recognition rate of only
40%). This is interesting because the widely known Dun-
bar number [6] suggests that a cognitive load of 100 to 230
friends is possible. In the case of Dunbar’s number this re-
lates to how many friends a person can actually remember
with ease. In the case of our experiment the EEG measure-
ments are actually measuring how likely a user is to recog-
nise a friend the instant that they see their face on-screen.
In Figure 1 we can see the prediction scores for how accu-
rately we could classify each of the 48 friends. The AUC
for our classifier was 0.757. Our results only include the
48 friends our test subject labelled as recognised. What we
can see from these results is that 13 of the 48 friends had
a negative prediction score, meaning that the classifier was
unable to correctly relate the brain activity of our test sub-
ject with the ground truth. We can see that the positively
predicted users are in the majority with 35 users being cor-
rectly classified. Importantly, the correctly classified users
have a stronger prediction score in general. Figure 2 gives us
the social tie scores associated with the correctly identified
users from our experiment. The first observation is that only
23 of the recognised friends had some form of public inter-
action with our test subject on the Facebook. The second
observation that can be made is that the accuracy of our
predictor does not appear to have any resemblance to how
often the friend would interact with our experiment user.
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Figure 2: Prediction and Social Tie results.

For instance, 8 of the 14 users who the classifier could not
accurately predict are in the set of users who have at least
one social interaction.

5. DISCUSSION & CONCLUSION
In this paper we presented preliminary results of a new

and innovate area of computing, which is the merging of
recommender systems that use social computing with brain
computer interfaces. Our preliminary results firstly indicate
that it is in fact possible to train classifiers using EEG signals
to predict if someone is a friend or not but that the recogni-
tion rates are surprisingly low. To the best of our knowledge
this has not been done by anyone else and it may be because
people do not generally use good profile pictures of them-
selves because they are meant to reflect their personalities
and so not meant to be like passport photos’. We have also
found that while users could have hundreds of online friends
in these social networks they may struggle to actually asso-
ciate their profile pictures to known user profiles. Our work
presents a number of questions which need to be investi-
gated, such as the exploration between algorithmically gen-
erated scores to rank friends and nodes in social networks.
There has already been a large body of work completed in
that specific area however there is no use of any technol-
ogy such as EEG signals which sense involuntary responses
to classify the underlying results. This could leave an open
question as to whether it is even possible to find correlations
between EEG signals representing the natural reaction of in-
dividuals, and typical trust or social scoring based metrics?
If there is no such correlation then which technique would
be more beneficial to an end user in a recommender system,
a technique derived from EEG activity or one derived from
previously standard algorithmic approaches?
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