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Abstract. A great deal of scientific evidence suggests that there is a close
relationship between mood and cognitive processes of human in everyday tasks.
In this study, we have investigated the feasibility of determining mood from
gaze, which is one of the human cognitive processes that can be recorded during
interaction with computers. To do so, we have designed a feature vector com-
posed of typical gaze patterns, and piloted the approach on the dataset which we
gathered. It consists of 145 samples of 30 people. A supervised machine
learning technique was employed for classification and recognition of mood.
The results of this pilot test suggests that even during these initial steps, the
approach is quite promising and opens other research paths for improvement
through multi-modal recognition and information fusion. Multi-modal approach
would employ the added information provided by our previously developed
mood extraction approach using camera and/or the information gained by the
use of EEG signals. Further analysis will be performed in feature extraction
process to enhance the model accuracy by enriching the feature-set of each
modality.
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1 Introduction

Mood, our background feeling which lasts for longer time in comparison to emotions,
has been investigated for decades in the field of psychology [1]. In the literatures in this
field, the relative importance of mood on our individual and social functions has been
subject to considerable discussion. The evidence of this can be clearly seen in
memory-dependent literatures [2], learning performance [3], creativity [4], etc. Another
worth-mentioning role of mood is its application as a general indicator of wellness, in
other words it is considered as one of the most associated evident with health and
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illness [5]. On the other hand, the importance of this subtle affective state in computer
user satisfaction, has aroused attention of many researchers in the field of
Human-Computer-Interaction (HCI) [6]. A large and growing body of literature has
investigated different approaches to provide effective and desirable HCI by designing
adaptable systems based on users’ affective state to make the gap between human and
the machine more narrowed [7]. With this aim, the very first step would be recognition
of the user’s affective state in non-intrusive ways [8]. By this time, more recent
attention has been focused on human behavior or his physiological conditions in this
field; however, little attention has been paid to the role of cognitive dimension.

Before proceeding to examine the effect of mood on gaze, it will be necessary to
review evidences and hypothesis on this context. A great deal of scientific evidence
reported that our mood interacts with cognitive influences, and there is a close rela-
tionship between this affective state and cognitive processes [1, 18]. To commence, the
nervous system is organized in such a way that there is a linkage between various mood
states and cognitive material that has been associated with those states. As an example,
a relation between mood and memory, as a cognitive function, has been examined and
investigated extensively for decades [2, 9]. Furthermore, a strong relationship between
mood and attention has been reported for long time [1]. In addition another factor
affecting mood is the occurrence of external events, while the interpretation of such
events is highly affected by cognition [5]. These three factors each of which are
considered as the most important cognitive processes proved to have direct synergy
with our mood. On the other hand, there are more evidences that highlight this syn-
ergistic relation which are discussed in the following.

Furthermore, it has been proven that our energetic and tension arousal are two main
physiological associations affecting our moods. On the other hand, various cognitive
factors interact with energy and tension both directly and indirectly [5]. Although the
evidence is limited, there is a little doubt that cognitive stimuli affect energetic arousal,
i.e. cognitive-affective state association relates to naturally occurring mood [10].
Therefore, observing and examining cognitive processes may give us some clues on the
ongoing mood states.

On the other hand, motor behavior is another human characteristic which is proved
to be affected by mood [1110, 11]. One of the evidences of human motor behavior is
“Gaze” which signifies cognition. Knowing this fact that mood is affected by our
cognitive processes, we can recognize it by tracking the influence of these types of
processes, for example by examining eye movements. So in this paper, we are going to
propose a method in order to investigate the relationship between individuals’ mood
and gaze.

2 Method

In recent years, there has been an increasing interest in using Gaze data as a source
of information in fields such as cognitive psychology, human computer interaction
(HCI), neuroscience and healthcare system. Thanks to the recent progress in tech-
nology, the recording of gaze data has been made easy and totally non-intrusive. The
emergence of wearable wireless eye-trackers, [12], provides an opportunity to build
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body-network-areas with social purposes. This opportunity offers a great incentive for
scientists in different areas of research, especially those in the field of HCI or
ubiquitous computing, to use this information in isolated and social-oriented tasks.

In this paper, we propose an approach for recognizing the mood states of a user via
a non-intrusive yet easy to implement method. Based on this method, the user’s mood
state is detected by using typical features extracted from the gaze data. In this study, we
propose a statistical model, which is capable of determining the user’s mood state over
a short duration of time. The minimum required time is not discussed in this paper and
it should be evaluated in our future work, via a different set of experiments for the
specific settings discussed below.

In Table 1, fixation refers to the pause of the eye-movement on a specific area of the
visual field while during this pause brain starts to process the visual information
received from the eyes; this length varies from about 100 to 600 ms. Saccade refers to
quick, simultaneous movement of both eyes between two consecutive fixations [20].
We consider 7 different categories of features, shown in Table 1. The first category,
“counts”, stands for the total number of fixations followed by saccades during the
interaction of the subject with the system. The second category refers to the rate of
occurrence of each fixation/saccade throughout this time of interaction. The next four
categories refer to descriptive statistics of fixation and saccade. They describe the main
features in quantitative terms. Finally, the category seven is the time taken to the first
fixation. We have considered these features since we believed that each of these fea-
tures might provide additional information about the pattern of gaze in different mood
states. All the considered features should be normalized based on the duration of
interaction.

To the best of our knowledge, no standard dataset of gaze records tagged by users’
mood state has been published yet. Thus we gathered a (large) dataset which is dis-
cussed in Sect. 4 in detail. In order to develop a data-gathering setting, we have
designed a web-based platform that records the mood of the subject through a ques-
tionnaire. In each setting, a set of short video clips (minimum length of 38 s, and
maximum of 2 min and 12 s) are shown to the subjects so he/she can select one of
them. This platform has been already used for a camera based mood extraction [13, 14].

Since gaze is highly affected by the structure of the given task environment [10], we
designed a four-phase-experiment to cover these differences as much as possible, in
order to prove the generality of the work. The structure of the platform and description
of each phases are discussed in Sect. 4.

Table 1. Gaze features extracted for mood detection

1 2 3 4 5 6 7

Fixation Counts Rate in
second

Mean of
duration

Min of
duration

Max of
duration

Variance
of
duration

First Fixation
in each
Phase

Saccade
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3 User Study

As mentioned earlier, one of the contributions of this work is that of obtaining a dataset
of gaze data labeled with the ongoing mood state of subjects performing different tasks.
To gather the data, we ran an experiment using the developed web-based platform. The
experiment was conducted on 30 people, including 8 females and 22 males aged
between 19 and 32 (mean 25 years old). A total of 145 video samples were recorded
during a two-week period by an unobtrusive eye-tracker (Tobii X2-30) with an
accuracy ranging from 0.4º−1º, and a precision between 0.29º−0.80º [15]. Data
Preparation and Processing.

As discussed in Sect. 2, the experiment is designed in four separate phases with
different structures. The first phase is designed to record the normal behavior of the
participants while working on a routine computer task. In this phase the participants are
asked to sign in to the web-based platform and read the instruction manual.

Next, the subjects are asked to fill in a mood questionnaire. This will be considered
as the ground-truth or gold standard data indicating the real mood state of the subjects.
Then a list of diverse video clips is offered to the subjects. Then each person has to
choose one clip to continue to the next phase. These two consecutive steps, in which
participants are supposed to choose one option among different alternatives, resemble
decision making tasks in cognitive science. Decision making is considered one of the
basic cognitive processes of human behavior. When people are faced by a problem with
multiple, and possibly conflicting, alternatives and they are supposed to choose one of
them based on their preferences [16]. Thus during the phase of filling the questionnaire
and choosing the clip, the gaze pattern was also recorded while the decision making
was going on.

A relationship between scene viewing and cognitive behavior is reported in [11],
thus the third phase is devoted to the subjects, while watching a clip selected in the
previous phase. It is worth mentioning that all the video clips are displayed in a
specified and a predefined size that are fixed and unchangeable. In this phase, the
subjects’ gaze pattern during clip-viewing is recorded.

In the last phase, a participant fills in a survey that asks him/her about his/her
opinion about the clip. This phase resembles the second phase. The only difference is
the influence of emotion induction, induced by the watched clip. This phase provides
us the opportunity to compare the two phases result. All the provided clips were
believed to be “funny” and could induce happiness emotion.

To classify the data, we composed a feature vector including the features listed in
Table 1 for each phase. After labeling the data by the information obtained from the
self-reports, we employed LibSVM toolbox and trained by 10-fold cross-validation
using Weka [17]. The classification outcomes are one of 3 moods: good, bad and
neutral mood. The system yielded a 49.3 % (�1.1) classification accuracy in dis-
criminating between the 3 moods. This is better than the 33.3 % accuracy which a
random classifier would yield in this case.
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4 Conclusion and Future Works

To the best of our knowledge, this is the first attempt to recognize mood based on gaze
data in a non-intrusive fashion. As pointed out in the abstract, the aim of this paper is
mainly to a report on our work in progress. The results so far have showed that this
approach appears to be promising in recognizing mood states in a non-intrusive way
and surpasses a random classifier (which leads to 33 % accuracy as we have considered
3 types of moods).

The results could lead to higher accuracy by performing many possible improve-
ments. The first and foremost possibility in enriching the feature-set, is by considering a
broader range of general eye-tracking features (in both the time domain and the fre-
quency domain) such as eye-movement speed, or more complex features such as
relative saccade angle. A personalized analysis may lead to higher accuracy since
people usually have different page navigation habits and these habits may sometimes
lead to unique gaze patterns. For instance, some people use mouse-wheel to scroll,
while others prefer to use the scroll bar and fixate on it for a while before scrolling. In
addition, calculating the features within a specific region of interest (ROI) may lead to
more accurate results. As an example, in the third phase, i.e. scene viewing, the clip
constitutes a portion of the screen and the likelihood of looking at other parts of the
screen is less in this phase. Considering this fact, may lead to more accurate results.

Moreover, as mentioned in the previous section, the second and fourth phases
resemble decision making tasks and provide an opportunity to investigate the effects of
induced emotion on gaze. It should be mentioned here that the relation between
emotion and cognition has been investigated for decades and there is a large number of
published studies that have investigated the relation between emotion and gaze [19].
On the other hand, in our previous study [13], we investigated the influence of mood on
emotions induced by an emotion induction technique. Hence, by comparing the pat-
terns in the second and the fourth phase of this experiment, the effect of mood on
emotion could be more highlighted considering changes in gaze pattern and vice versa.
These further analyses have been considered for future

Another step that is worth-performing is that of calculating the minimum required
time to be able to recognize the mood states from the gaze patterns. This would make
this approach usable in many applications such as in medical and health applications,
especially in applications that require real-time or near real-time constraints. By taking
advantage of wireless eye-tracker, our proposed approach could also be employed in
mobile Health systems aimed at developing efficient disease management. Thus we
plan to benefit from the use of a multi-modal approach in which several sensory
information and modalities are employed to improve the mood recognition. The initial
step would involve incorporating our camera-based mood detection approach [13], and
the use of EEG signals as well. Finally, we would investigate frameworks that use for
example the Dempster-Shafer Theory of combination for integrating the knowledge
gained from the different modalities employed.
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