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ABSTRACT

Depression is a common mental illness worldwide. Apart of
pharmacological treatment and psychotherapy, self-management
of negative emotions is of paramount importance, because relapse
of depression often results from an inadequate response to
negative emotions. The purpose of this study is to design and
implement a personal recommender system, for emotion
regulation. It assists users to be aware of negative emotions and
guides them to deal with it with behavioral activation. It analyzes
the smartphone usage patterns to predict the emergence of
negative emotions, while integrating data obtained from context
awareness and psychiatrists' recommendations to suggest relevant
emotion-regulating activities. The presented system has a
potential to provide personalized and pervasive mental health
services for patients with depression.
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1. INTRODUCTION

Depression is a common illness worldwide, according to the
World Health Organization, with an estimated 350 million people
affected by depression in various degrees of severity [1]. Apart of
pharmacological treatment and psychotherapy, self-management
of negative emotions is of paramount importance, because relapse
of depression often results from an inadequate response to
negative emotions. In addition to those with clinical depression,
more and more healthy individuals are beginning to recognize
how negative emotions may impede their performance,
relationship, and quality of life. Therefore, demand is rising for
the ability to promptly aware and manage one's negative emotions
[2-5].

Finding a personal activity recommender system who offers
seamless and continuous guidance for emotion recognition and
regulation is desirable, but often difficult. Traditional
psychotherapy or coaching usually limits to a number of sessions
in a treatment setting. Ideally, one would like to measure emotion
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and its behavioral correlates in real time to offer context-specific
suggestions [6]. The popularity of smartphone has provided ample
opportunities for a personalized activity recommender system for
regulating emotions. The analysis of smartphone user behaviors is
beginning to gain traction. This behavioral pattern can be either
the cause or the consequence of human emotion. Researchers are
beginning to examine the association between the smartphone
usage pattern and the concurrent emotion, aiming at monitoring
and predicting emotions automatically, followed by
context-specific recommendations. There are a significant number
of mobile applications (apps) available for the smartphone that
track emotions. The majority of applications are designed to help
users record their moods (e.g., MoopScope, Mood Panda) [7-13].
Only a piecemeal of research tries to predict users' emotional state
based on smartphone usage patterns [12,13].

In this paper, we provide new insights into mobile computing
applications for emotion detection via mobile phone usage
patterns, and the use of context-awareness combined with a
recommendation database to suggest feasible activities to relieve
negative emotions. We also propose the use of “easy to
understand and select” candidate items in the mobile environment,
making it very easy for users of any age to understand if a
suggestion item is in order by their action event history or
activities engaged by similar users.

The purpose of this study is to establish a personal
emotion-regulating recommender system based on mobile phone
usage patterns to assist users be aware of negative emotions and to
help learn how to contain and change them.

The specific aims of this research are:

a. To record negative emotions in a daily basis and build
a negative emotions classification model;

b. To extract significant feature sets from smartphone
usage patterns;

C. To establish the emotion-regulating action knowledge
based on expert recommendations;
d. To develop a personal emotion-regulating

recommender system.
Through the above steps, we develop, design and build a personal
emotion-regulating recommender system. These technologies not
only recognize, analyze, and quantify users’ negative emotions,
but also remind them and make recommendations, all of which
create new values of a wireless sensor network in mental health
applications.
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Figure 1. The concept of smartphone-based personalized
activity recommender system
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Figure 2. System flow diagram

2. MATERIALS AND METHODS

Figure 1 shows the concept of our system. We identified negative
emotions gathered by the EmoRecorder module [14] that analyzed
users’ application usage on smartphone to detect emotion states.
When negative emotion was identified, the system detected
current environmental contexts to make an appropriate activities
recommendation.

The system flow diagram includes three parts: 1). Data collection,
2). Pre-processing, and 3). Recommendation, as shown in Figure
2. We describe the details in the following sections.

2.1 Data Collection

We used four components on the android smartphone to collect
data: EmoRecorder module, personal information, sensor
information, and item history. Content of components are
summery in Table 1.

If the participants used our system at the first time, we asked them
to fill out a questionnaire on the smartphone that collected their
personal information, such as age, gender, occupation, office
hours, and so on. They also completed a scenario activity
questionnaire that requested the participants to select the activities
of interest under different context. In this paper, we defined a
context as a combination of environmental factors (e.g. Office
hour, workplace, weather). Each recommended activity was used
as an item in our recommender system. We used EmoRecorder
module, our previous work, to process users’ application usage
and emotion tags that detected users’ emotion states. The emotion
states were labeled according to three dimensions of participant’s
negative emotions: depression, anxiety, and stress. Each
dimension was further divided into three levels: low, middle, and
high.

Table 1 Materials of recommender system

Type Category Content
Mobile {app usage, depression level,
EmoRecorder information anxiety level, stress level}
module Personal {depression level, anxiety
emotion model | level, stress level}
Personal profile {ag_e, gender, occypano_n,_
office hour, favorite activity}
Personal Scenarios
information activit {time, location, weather,
HvIEY. active item}
questionnaire
. {office hour, non-office
Time hour}
. Se”SOT . {company, home, outside,
information Location inside}
(context)
Weather {uncomfortable,
comfortable}
Cognitive game {regction.game, color game,
trail making test}
Mindfulness | {sitting meditation, stretch
practice meditation, brief meditation}
{cardiovascular sport,
Sport strength and endurance sport,
Active item flexibility sport, ball sport}
f(1_IStOI‘§/ Music {Crystal music on YouTube}
item -
Movie {Micro Movie on YouTube}
Reading {Mind Books}
Communication {Chz_atting with friend and
family}
Food {Nearby cuisine}

When we recommended an activity, we detected users’ current
location using GPS (or Wi-Fi) and time to determine their
environmental context. We obtained location’s current weather by
api.openweathermap.

Activity item history recorded users’ current context and the
chosen activities (e.g. Office hour, workplace, comfortable
weather, music).

2.2 Preprocessing

In this phase, there are two processes. First, once the system
identified negative emotion, it triggered the recommendation. We
defined negative emotions as depression or anxiety in the high
level or depression and anxiety both in the middle level (see
Figure 3). Second, the personal information and activity item
history were converted into a vector representation. Categorical
data were converted into binary values while numerical data were
normalized to [0..1]. Each participant had a unique personal
vector. We grouped the users using a clustering method, k-means.
The reason for grouping was that similar users may prefer similar
activities. Therefore, we recommended activities that similar users
have ever performed. Furthermore, we applied the
Davies—Bouldin index (DB index) [15] to evaluate cluster validity
in the recommendation algorithm. The Davies—Bouldin indexis
the ratio of the sum of the within cluster scatter to the between
cluster separation. A lower DB index means a better result of
clustering.
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2.3 Recommendation

In the recommended module, the system collected users’ activity
of the same group that has been implemented as the candidate
item set.

s ={item, | u e user group } @

Furthermore, we assume that the item rating was affected by three
factors: item, user, and context. The item rating can be stored in a
three-dimensional cube, such as the one shown in Figure 4. We
entitle this cube a conditional combinations cube (CCC). Each
candidate item was represented as a conditional combinations
matrix (CCX) with different contexts. Under a specific context, a
candidate item was expressed as an array. Each element of the

array is the conditional probability 1, (un,cj) that the user n

chosen the item k under the context j. In this paper, we calculated
the conditional probability from active item history. Users of the
same group has the same candidate item set S they shared a
common Conditional Combinations Cube.

Take Figure 4a for an example: The recommended activity (item)
was “running”. The corresponding context c1 was [non-office
hour, home, comfortable weather]. The probability that the user 1
will “running” under the context of non-office hour, home, and
comfortable weather was 0.8. Similarly, the probability of user 2
will “running” was 0.65.

When the participant’s negative emotion was recognized, the
system subsequently detected the present context and requests all
the item arrays that matched the present context from CCC. For
example in Figure 4b, if the system detects the context c1 and then
the item arrays with context ca1 were acquired from the CCC.

The candidate items were rated according to a ranking score
function, rScore(Ik). rScore(Ik) combined probabilities of

the target user and the other users in the same group. It is shown
as follows:

@

rScore(l, )= Ik(u"'ci)+ a2>< lk(ugmup,cj)

where Ik(un,cj) means probability of the target user n

perform item k under context j, Ik(ugroup’cj) means probability

of the other users in the same group perform item k under the
same context j. If m is the number of users in user group,

I, (ugmup , Cj) is calculated as follows:
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Figure 4 Conditional Combinations Cube

glk(un’cj) (3)
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a is weight parameter and is defined as follows:
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Finally, the system recommends item list to the user. The system
also records the history of user interaction with the items. The
participant’s historical data contains the present context and the
items selected by the participant from the recommendation list.

3. EXPERIMENTAL DESIGN

In this session, we introduce the design of an experiment intended
to evaluate the performance of our recommender system.

3.1 Design Process

Figure 5 shows the flowchart of the experiment. The screenshots
of the activity recommender system on mobile in Figure 6. We
recruited subjects to join the experiment and assisted them
downloading our recommender system to their own Android
smartphones. Subjects were asked to fill out questionnaire that
included personal information and scenario activity questionnaire.
The system automatically detected users’ emotion states in
background process by EmoRecorder module using general
emotion model after the questionnaires were completed. The
system made context-specific activity recommendation list for
user whenever negative emotion was identified. Users had to
choose an activity that they want to do and tag their emotion states
(depression, anxiety, and stress) after completion of the suggested
activity.

We planned to compare our approach with the following methods:

Method I: Random (baseline)

Method Il: CCC (all user as the same group);

Method Il1: Clustering + CCC (ours);

We used the mean average position (MAP) and the mean absolute
error (MAE) to evaluate our approach and other approaches. MAP
indicates whether the recommender system conforms to user’s
intent. A larger MAP value represents a better performance. MAP
is calculated as follows:



n 5
MAP:izi ©
n%s p

where n denotes the number of recommendation, pi denotes p-th
position on the recommendation list.

MAE measures the deviation between the true rating and the
predicted rating of the relaxing activity. The smaller MAE value
represents a better performance. MAE is calculated as follows:
1L (6)
MAE == e
L]

where n denotes the number of recommended items, pi is the

rScore value of the selected item, and i is the rScore value of
the top one item.

3.2 Participants

In this pilot study, we recruited 15 normal subjects with Android
smartphone and asked them to use our recommender application
for 14 days. Only 5 participants remained active use at the end.

The recruitment of normal subjects in the first stage avoids
potential difficulties for smartphone usage among profoundly
depressed patients, while increasing the generalizability of our
findings to recovered patients and the general public.
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Figure 5 Process of the experiment
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3.3 Experimental results

To evaluate our proposed method, we collected valid data that the
recommended activity exactly corresponds to an emotion state
tagged.

Figure 7 presents the mean average position by days of active use.
The result showed that the proposed approach CCC and clustering
+ CCC were both better than baseline (random). The average
MAP of methods was 0.18, 0.38, and 0.39. We utilized
Mann-Whitney U test and observed that method Il and method 111
were both significantly superior than method I (p-value < 0.0001);
method 1l and method Il were not performing differently
(p-value= 0.887). It appeared that clustering didn't change the
performance of our recommender system. Figure 8 shows the
mean average error by number of days to use recommender
system. MAE meant the actual difference between our system and
users” preference. The smaller, the better. Apparently, our
precision of suggestion improved from baseline. The average
MAE of methods is 0.22, 0.13, and 0.07. We implemented pair
T-test and observed that method Il and method Il were both
significantly superior than method | (p-value were 0.004 and
<0.001); method Il outperformed method Il (p-value <0.0001).
On the contrary, clustering improved the performance of
recommender system dramatically.

In order to verify that whether our recommender system
effectively alleviated users’ negative emotions, we implemented
Wilcoxon Signed Rank test to examine differences between
emotional tags before and after a suggested activity. The total
number of emotion tags (depression, anxiety, and stress) was 211.
The result of Wilcoxon test of two-tail was significant (p<0.0001).
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The results of our experiment verified two facts. One was that the
precision of our recommendation improved with time, and the
other was that our personal activity recommender system did help
users alleviate negative emotions.

4. CONCLUSIONS AND FUTURE WORK

In this paper, we developed a smartphone-based personalized
activity recommender system on Android smartphones for the
recognition and self-management of negative emotions. Our
recommender system considers the user’s and similar subjects'
preferences of activity and histories of choices simultaneously in
the current context to make the best recommendations. In this
pilot study, we verified that our proposed recommender system
was able to provide useful suggestions, which indeed alleviated
users' negative emotions. In this study, we presented the
performance of our system in normal subjects, an examination of
this system among patients with clinical depression is being
carried out currently.

Our future work includes the analysis of the data obtained from
patients with clinical depression to examine its effectiveness. We
would like to test our proposed recommender system among 30
outpatients with depression for 8 weeks and evaluate if precision
of recommender system will improve continuously. Moreover, we
would like to make our system capable of communicating with the
electronic health record, which would further the detection of
clinically notable emotional alteration. We plan to make our
results publicly available so mobile systems developers targeting
depressed patients can use our findings as the stepping stone to
facilitate their works, which is crucial in improving the conditions
of public mental health.
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