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Abstract. Amid the COVID-19 pandemic, spending time on Games increased
much, which may impact mental health. While numerous studies were conducted
exploring the relation between Games and depression, none of the studies used
objective (i.e., actual) Games app usage data which could provide unbiased and
real-time insights. To fill this research gap, using our developed app that retrieves
the past 7 days’ actual app usage data accurately, we conducted a study on Games
app users (N = 60) in Bangladesh. We extracted the behavioral markers from the
foreground and background Games app usage events’ data. To explore the relation
betweenGames and depression, wemined rules, did correlation analysis, and built
Bayesian networks. Our analyses demonstrated that the students who spent higher
time and had a higher launch per Games app on weekends were more likely to be
depressed (p< .05). In addition, from the Bayesian analysis, we found that while
some usage data impacts depression, depression also impacts some usage behavior
such as frequency of launching Games apps. Apart from raising awareness about
the negative impact of Games, insights from our study can facilitate the design of
systems to improve the students’ mental health.

Keywords: Smartphone · Games · Depression · Behavioral patterns · Bayesian
network

1 Introduction

Amid the pandemic, Games playing time increased and 75% of the rise is estimated
to persist in the next two years [11]. However, problematic gaming is found to have
a negative impact on mental health [24, 29] which shows the necessity of in-depth
exploration of the link between Games and psychological problems. In Bangladesh, the
rate of psychological problem depression is higher among university students compared

© ICST Institute for Computer Sciences, Social Informatics and Telecommunications Engineering 2023
Published by Springer Nature Switzerland AG 2023. All Rights Reserved
A. Tsanas and A. Triantafyllidis (Eds.): PH 2022, LNICST 488, pp. 557–569, 2023.
https://doi.org/10.1007/978-3-031-34586-9_37

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-031-34586-9_37&domain=pdf
https://doi.org/10.1007/978-3-031-34586-9_37


558 Md. Sabbir Ahmed et al.

to other groups of people [10]. The stay at home for the pandemic and the high availability
of smartphones where 86% of Bangladeshi university students have smartphones [2] can
facilitate them in increasing Games playing.

With great interest, scholarly articles explored the relation between Games and
depression where most studies (e.g., [5, 24, 28]) used subjective data. Some of these
studies found a positive association of depression with addiction to video gaming [5]
and problematic online gaming [24]. However, as subjective data does not present the
actual app usage behavior [18, 32], the findings of these studies may not unveil the exact
relation.

On the other hand, previous studies also explored objective data on gaming as well as
of app categories. In the case of gaming, researchers explored gaming data for purposes
such as exploring the feasibility of gamification in having a positive impact on sleep-
wake [12], exploring patterns in Games playing behavior [8], to distinguish the gaming
events from the sensor-collected data [30], to assess problematic internet use [31], and
to find out the factors related with underreported playing time [32]. In a recent study
[18], researchers used both subjective and objective data from an online chess platform to
explore the relationshipwith problematic effects (e.g., disrupted sleep). Objective behav-
ioral markers of different app categories such as Communication [1, 15], Health & Fit-
ness, Photo&Video [1], and SocialMedia [1, 15, 27] have also been explored in different
contexts. Researchers [15] observed that depressed and non-depressed students have sig-
nificantly different app usage duration and frequency of launching Communication apps.
In addition, depressed students have significantly higher unique app signatures in the
case of SocialMedia, Health&Fitness app categories [1]. Though some studies explored
the behavioral patterns of the depressed [1, 15], Hunt et al. [27] did a causal analysis by
keeping students in the control and experimental groups. Their analysis demonstrated
that limiting Facebook, Instagram, and Snapchat use reduce depression [27]. Objective
behavioral markers regardless of the app categories have also been explored in a recent
study [33] to classify the depressed and non-depressed through computational models.
However, as far as we know, no study used objective Games app usage data to explore
the relation between depression and Games apps usage, although Games is the most
popular app category in Google Play Store [6] and amid the pandemic, Games playing
time increased significantly [11].

Therefore, we explore the link between objectively measured Games app usage data
and depression (i.e., Patient Health Questionnaire-8 (PHQ-8) scale’s score [14]) and
contribute to the pervasive health research area in the following ways.

• Firstly, to our best knowledge, using objective data, this is the first study to explore the
relation between a psychological problem and digital behavioral markers of Games
app usage which can provide unbiased findings.

• Secondly, through rule mining, we present Games app behavioral patterns that are
associated with depression which can be potential to understand the nuanced differ-
ences between depressed and non-depressed students. In addition, this can facilitate
in the development of computational models to predict depression leveraging digital
behavioral markers.



A Rule Mining and Bayesian Network Analysis 559

• Thirdly, we develop a Bayesian network that shows that all behavioral markers of
Games app usage do not impact depression and vice versa which can be useful to
design pervasive systems for intervention.

2 Methods

2.1 Participants and Research Ethics

Our study was approved by a university from Bangladesh. We did the study in 2020
during the COVID-19 pandemic where 100 Bangladeshi students from 12 higher edu-
cational institutes participated. Among them, 60 students used the Games apps (please,
see Sect. 2.2.2 for details) on which we conducted this study. All participants’ data were
collected through their consent and in the consent form, we specifically mentioned the
required permission, collected data, data security, usage of their data, etc.Apart from this,
to make the participants more aware of the collected data, our app asked for permission
in runtime to access the app usage data before retrieving it.

2.2 Tools and Analysis

2.2.1 Depression Measurement

Tomeasure the participants’ depression, we used the 8-itemed PHQ-8 scale’s score [14].
We explored the PHQ-8 scores as the continuous values in the correlation and Bayesian
network analysis as described in Sect. 2.2.4 and Sect. 2.2.5 respectively. In addition,
to understand the participants’ depression and also as a requirement in the rule min-
ing through the classification-based association algorithm (please, see Sect. 2.2.3), we
divided the participants based on depression score. In finding major depressive disorder,
the sensitivity and specificity are 100% and 95% respectively for a PHQ-8 score of 10
[14]. Hence, the participants who had a PHQ-8 score of 10 or more were grouped as the
depressed and others (PHQ-8 < 10) as the non-depressed participants.

2.2.2 Data Collection Tool and Extraction of Games App Usage Markers

As subjective data does not reflect the actual habit [18, 32], we retrieved participants’
actual app usage data through our developed Android app (Fig. 1(a)). We used the Java
class UsageStatsManager [9] to retrieve foreground and background events’ data, and
to store it, we used the Google Firebase database. We tested the app on 9 phones, and
also compared it with the retrieved app usage data of the available such apps (e.g., [17])
in the Play Store. Since the system keeps app usage events’ data only for a few days [9],
our app can collect the past 7 days’ app usage data very accurately.

Our developed app retrieved 817,404 foreground and background events data from
100 participants who used 1,129 apps. Two researchers and one student categorized
these apps following the app categories of the Play Store, the app categorization process
of previous studies (e.g., [1]), and an understanding of the apps’ features. Among 1,129
apps, we found 141 (12.49%) apps in the Games category which consisted of 40,339
foreground and background events. The used Games apps were of 15 subcategories
(Fig. 1(b)). Most (17.02%) apps were of Action (e.g., PUBG MOBILE) and the least
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(a) Screenshot of the data collection tool 

showing Games app usage

(b) Number of apps in each of the 15 subcategories

Fig. 1. Data collection tool and participants’ Games app usage.

(1.42%) were of Word (e.g., Word Forest) subcategory. On the other hand, among the
100 participants, 60% (N= 60) participants were Games app users who launched at least
one Games app in 7 days. Since having the value 0 for the remaining 40% of non-users
can make the variables’ data distribution highly skewed, their data were excluded from
the analysis to have unbiased findings.

From the retrieved app usage events, we quantified each participant’s behavioral
markers of Games app usage by calculating spending duration, frequency of launching
apps, number of used apps, duration per app, duration per app launch, and frequency
of launch per app of the Games category. In addition, to explore the Games app usage
pattern, we calculated entropy E(j) = ∑n

i=0p(i)logp(i) where p(i) indicates the prob-
ability to use the ith Games app by the jth participant. Since the app usage behavior
varies by weekdays and weekends [1], to understand the association of PHQ-8 score
with Games app usage data, we explore these 7 variables by calculating each variable’s
data of weekends (Friday and Saturday), weekdays (Sunday to Thursday), and 7 days
(whole week). We divide the days based on the working week in Bangladesh.

2.2.3 Rule Mining and Extraction of Behavioral Patterns

Each of the aforementioned 7 variables presents Games app usage behavior and we
denote this set of behavioral items by Tj for jth participant. Using classification-based
association (CBA) algorithm [16], we mine the behavioral patterns that are associated
with depression in the form of Aj → Bj where Aj is the rule body containing a subset
of Tj items and Bj is the rule head denoting the class (e.g., depressed) of jth participant.
Since CBA works with discrete values, inspired by the previous studies (e.g., [23]),
we discretized the values of each behavioral marker into three equal groups where
top one-third and bottom one-third percentile were grouped as the high and low users
respectively and others were grouped as the medium users. For each rule, there are three
parameters namely support, confidence, and lift based onwhich a rule is selected. Support
( frequency(rule body,rule head)N ) denotes the frequency of a set of items appearing among

all participants (N ) whereas confidence ( frequency(rule body,rule head)frequency(rule body) ) says how likely the

rule head is to occur when the rule body appears. Having lift (L = Confidence
Support(rule head) ;
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Support(rule head) = frequency(rule head)
N ) greater than 1 means rule body and head are

not independent and rule body has an impact on the rule head.

2.2.4 Correlational and Comparative Analysis

Though CBA algorithm can extract unique patterns combining different behavioral data
of different levels (e.g., high usage duration with the medium frequency of launch), it
cannot present monotonic or linear statistical relation. To overcome the limitation, we
did a correlation analysis. We used the nonparametric Spearman rank correlation (rs)
method as our data did not satisfy assumptions of the parametric test. In comparing the
demographic data, we did a T-test (t) when data were normally distributed and in other
cases, we did a nonparametric Mann-Whitney Test (U). As multiple comparisons can
have false positive results, we adjusted p values using the false discovery rate approach.

2.2.5 Bayesian Network Analysis

Though correlation analysis can present the association between variables, it cannot
reveal the direction of association between two variables. Therefore, to find the direc-
tion of the association, we built a Bayesian network [19] where each variable Vi ∈ V is
denoted by a node of a directed acyclic graph (DAG). In the development of the network,
there are structural and parameter learning steps [19, 26] where the structural learning
process is similar to the development of classical regression models [26]. For develop-
ing the network structure, we used the greedy hill-climbing algorithm which restarts
randomly to avoid the local optima. Since the DAG of the network depends on several
parameters such as the distribution of the data, we resample the Games app usage data
and build the network 10,000 times to measure the strength of the associations and their
direction. It can be noted that the strength of each arc was calculated keeping the rest of
the network fixed and thus a relation between variables cannot be confounded by others.

3 Results

3.1 Participants’ Depression

Among the 60 Games app users, 46.67% (N = 28) were depressed and 53.33% (N =
32) were non-depressed (details about categorization process is in Sect. 2.2.1). Except
for symptom 1 (Little interest or pleasure in doing things), every other symptom’s mean
score of the non-depressed group was below 1 (Fig. 2(a)) where score 1 presents the
symptom’s appearance not at all. Between these two groups, there was no statistically
significant difference in age (p = .78) (Fig. 2(b)), monthly family income (p = .78)
(Fig. 2(c)), and the number of family members (p = .78) (Fig. 2(d)) which could work
as confounders in the relation between Games app usage and depression.

3.2 App Usage Behavioral Patterns’ Association with Depression

To extract patterns, we used all the behavioral data of weekdays, weekends, and 7 days.
But to avoid combinatorial explosion, we set .1 as the minimum support and .9 as the
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(a) Depressive symptoms’ 

average score
(b) Age

(c) Monthly family 

income 

(d) Number of family 

members

Fig. 2. (a) Spider chart showing the difference between the depressed and non-depressed students
regarding the mean score of each depressive symptom of the PHQ-8 scale where 0, 1, 2, and 3
scores present Not at all, Several days, More than half the days, and Nearly every day respectively.
Kernel Density Estimation (KDE) plot showing the distribution of (b) age, (c) monthly family
income (in BDT: Bangladeshi Taka), and (d) number of family members of the depressed (G1)
and non-depressed (G2) students.

minimum confidence. In addition, as having a lift value of 1 presents that both the rule
body and rule head are independent, we extracted only the rules which had a lift value
higher than 1. Satisfying these thresholds, we found 3213 rules which were associated
with depression. There were 21 rules where the rule head was non-depressed and in the
remaining 3,192 rules, the rule head was depressed. Among these rules, the maximum
support, confidence, and lift values were .17, 1.0, and 2.14 respectively (Fig. 3).

(a) Support and confidence (b) Lift

Fig. 3. Distribution of (a) support, confidence, and (b) lift values for the extracted 3,213 rules.

From the extracted behavioral patterns, we found that the higher duration per launch-
ing Games appwas associated with depressive status (Table 1). For instance, the students
whose weekdays’ duration per Games app launch and 7 days’ spending duration per app
were high, they were more likely to be depressed. This behavioral pattern was observed
among 17% of students and 91% of them were depressed students (Support = .17, Con-
fidence = .91) (Rule 1, Table 1). The lift value (1.95) regarding this pattern was higher
than 1 and this demonstrated that the rule body and rule heads were not independent.
Also, we found when the students had medium entropy of using the apps for 7 days,
duration per app was high on both weekdays and weekends, they were more likely to be
depressed (Support = .17, Confidence = .91, Lift = 1.95) (Rule 5, Table 1).
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Table 1. Top-5 (in terms of support and lift) Games app usage behavioral patterns of the depressed
and non-depressed students. Con.: Confidence, Sup.: Support.

Depressed Rules (Rule Body = > Rule Head) Sup Con Lift

1.{Duration_per_Launch,Weekday = High;
Duration_per_App,7_days = High} = > {Depressed =
Yes}

.17 .91 1.95

2.{Duration_per_Launch,Weekday = High;
Duration_per_Launch,7_days = High;
Duration_per_App,7_days = High} = > {Depressed =
Yes}

.17 .91 1.95

3.{Duration_per_Launch,Weekday = High;
Duration_per_App,Weekday = High;
Duration_per_App,7_days = High} = > {Depressed =
Yes}

.17 .91 1.95

4.{Entropy,Weekend = Medium;No_of_Apps,7_days =
Medium; Duration_per_Launch,Weekday = High} = >

{Depressed = Yes}

.17 .91 1.95

5.{Entropy,7_days = Medium;
Duration_per_App,Weekday = High;
Duration_per_App,Weekend = High} = > {Depressed
= Yes}

.17 .91 1.95

Non-depressed 6.{Duration_per_Launch,7_days = Medium;
Duration_per_App,Weekday = Medium} = >

{Depressed = No}

.15 .90 1.69

7.{Duration_per_App,Weekday = Medium;
Launch_per_App,7_days = Medium} = > {Depressed
= No}

.15 .90 1.69

8.{Launch,Weekday = High; Launch,7_days = High;
Duration_per_Launch,Weekday = Medium} = >

{Depressed = No}

.15 .90 1.69

9.{Launch,Weekday = High;
Duration_per_Launch,Weekday = Medium} = >

{Depressed = No}

.15 .90 1.69

10.{Launch,7_days = High;
Duration_per_Launch,Weekday = Medium} = >

{Depressed = No}

.15 .90 1.69

On the other hand, the extracted rules regarding the non-depressed students presented
that their spending duration per launch wasmedium (Rule 6 to 10, Table 1). For instance,
the students whose spending duration per Games app launch was medium on 7 days and
duration perGames appwasmediumonweekdays, weremore likely to be non-depressed
(Rule 6, Table1). This behavioral pattern was observed in the case of 15% of students
(Support = .15) and 90% (Confidence = .90) of them were non-depressed. We also
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found that when the weekdays’ duration per Games app and 7 days’ frequency of launch
per Games app became medium, they were also more likely (Confidence = .90, Lift
= 1.69) to remain non-depressed (Rule 7, Table 1). Even when the participants had a
high frequency of launching the apps, having a medium duration per launch presented
a non-depressive status (Rule 10, Table 1).

3.3 Correlation Between Games App Usage and Depression

To explore the statistical relation, we did correlation analysis as discussed in Sect. 2.2.4.
We found that the Games app usage data of weekdays and 7 days did not have any
statistically significant relationwith depression. In relation of depressionwithweekdays’
spending duration (rs = .09, p= .48), frequency of launching Games apps (rs = .08, p=
.57), and the number of used Games apps (rs = -.05, p = .71) (Table 2), the p-value was
much higher than the significance level .05. However, in case of weekends’ spending
duration (rs = .33, p = .026), duration per launch (rs = .29, p = .044), duration per app
(rs = .39, p = .007), frequency of launch per app (rs = .33, p = .026), the p-value was
less than .05 which demonstrated the significant association with depression score. This
says that the students who spent higher time or have a higher frequency of launch per
Games app on weekends were more likely to have a higher depression score.

Table 2. Relation of PHQ-8 score with usage data of Games apps. N denotes the number of users
(who launched Games apps at least once in 7 days), in terms of a usage data. Coef.: Coefficient.

Usage 
data Days N Coef. 

(rs)
p Usage 

data Days N Coef. 
(rs)

p Usage 
data Days N Coef. 

(rs)
p

Duration
Weekdays 58 .09 .481 Duration 

per 
launch

Weekdays 58 .05 .721 Launch 
per app

Weekdays 58 .13 .326
Weekends 47 .33 .026 Weekends 47 .29 .044 Weekends 47 .33 .026

7 days 60 .13 .339 7 days 60 .11 .422 7 days 60 .12 .375

Launch
Weekdays 58 .08 .573

Duration 
per app

Weekdays 58 .12 .39

Entropy

Weekdays 31 -.31 .095Weekends 47 .25 .089
7 days 60 .07 .615 Weekends 47 .39 .007 Weekends 20 -.1 .667

# of 
Apps

Weekdays 58 -.05 .713
Weekends 47 -.14 .331 7 days 60 .14 .290 7 days 37 -.28 .0987 days 60 -.15 .264

3.4 Bayesian Network on Games App Usage and Depression

To understand the direction of the found significant associations (Table 2), we built a
Bayesian network (Table 3 and Fig. 4) using the variables on weekends’ data and by
bootstrapping the data 10,000 times. We found that the probability (.61) of having an
edge in the direction from Games app usage duration to PHQ-8 was higher than the
direction from PHQ-8 to duration (.39) (Table 3). Similarly, the probability of having
edges in the direction from duration per launch to PHQ-8 (.67) and from duration per
app to PHQ-8 (.74) was higher than the probability in the reverse direction. This presents
that the spending duration on Games apps, duration per Games app launch, and duration
per Games app impacted depression (Fig. 4).
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Table 3. Strength regardless of direction and strength in the specified direction. Gray-colored
cells present arcs having more than 50% probability to appear in the specified direction.

Node
(From) 

Node
(To)

Strength 
(Regardless 
direction)

Strength in the 
specified direction 

(From → To)

Node
(From) 

Node
(To) 

Strength
(Regardless 
direction)

Strength in the 
specified direction

(From → To)
PHQ-8 Duration .13 .39

Duration PHQ-8 .13 .61
PHQ-8 Entropy .35 .60
PHQ-8 Launch .19 .69 Entropy PHQ-8 .35 .40
PHQ-8 # of used apps .44 .88 Launch PHQ-8 .19 .31
PHQ-8 Duration per launch .26 .33 # of used apps PHQ-8 .44 .12

PHQ-8 Duration per app .15 .26 Duration per 
launch PHQ-8 .26 .67

PHQ-8 Launch per app .10 .71 Duration per app PHQ-8 .15 .74

Unlike duration, in the frequency of launching the Games apps, we found that the
probability (.69) of having the edge in the direction from PHQ-8 to launch was higher
than the probability of having the edge in the reverse direction (launch to PHQ-8: .31)
(Table 3). In the same way, the probability of having the edge in the direction of PHQ-8
to the number of used apps (.88), launch per app (.71), and entropy (.60) were higher than
the probability of having the edge in the reverse direction. This reveals that depression
also impacted the frequency of launching of Games apps, number of used Games apps,
launch per Games app, and entropy regarding Games app usage (Fig. 4).

Fig. 4. Bayesian network presents the direction of the relation between PHQ-8 score and
weekends’ Games apps usage data.

From the Bayesian network (Fig. 4), it is also apparent that the frequency of launch
node does not have any outgoing edge whereas the duration per app launch node has
6 outgoing edges which is the maximum among all nodes. This node is directly linked
with the PHQ-8 score and also with the 5 behavioral markers, namely, duration, duration
per app, number of used apps, launch per app, and frequency of launch. This presents
that the duration per app launch can be a plausible target node to control the 5 behavioral
markers and also depression.
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4 Discussion

In our study on Games app users, we found a depression prevalence of 46.67% which
is close to the depression prevalence of 47.3% found in a previous study conducted on
Bangladeshi students [25]. Our analysis showing the negative impact of weekends’ usual
usage of Games apps on depression extends previous studies [24, 29] which used subjec-
tive data and found a negative impact of problematic gaming. To our best knowledge, this
is the first study to present this impact using the objective app usage behavioral data and
also using data of all the used Games apps by a participant. Our findings suggest raising
awareness to reduce gaming time for their well-being, especially during this pandemic
when gaming time increased significantly [11]. One of the plausible reasons for having a
negative impact is that gaming makes a poor connection with family and friends [4] and
this may have a significant negative impact on the students amid the pandemic. During
alone time, people use smartphones to seek support [7] and on weekends, as students do
not have classes and also as the pandemic restricted movement, higher usage of Games
apps can present their effort to overcome loneliness through playing Games. Therefore,
having a good connection with the parents, caregivers, or friends on the weekends may
reduce their interest in the Games apps which in turn may reduce their spending time on
Games. Moreover, our findings suggest parents and caregivers need to be aware of the
weekend depression [20] since this has become a rising concern and also as we found a
negative impact on weekends’ Games app usage.

In our developed Bayesian network, we found some association in the opposite
direction also, i.e., depression also impacts some weekends’ behavior regarding Games
apps. For instance, we found that depression has an impact on behavioral markers such
as frequency of launching and number of used Games apps. In previous studies (e.g.,
[5, 24]), researchers showed how gaming is associated with depression. However, our
analysis based on the Bayesian network where directed acyclic graphs were constructed
10000 times, showed the link in both directions depending on behavioral markers (e.g.,
duration, launch) which was unexplored even in subjective data-based studies [5, 24,
28]. Therefore, the insights from our findings can contribute to a better understanding of
the smartphone usage behavior of the people [1, 15], especially the vulnerable group’s
Games playing behavior which can be potential in research to develop systems for
better mental health. The plausible reasons for having such an impact of depression can
be smartphone users’ willingness to be distracted through apps upon facing negative
emotions [21]. Higher launch and higher number of Games apps used by depressed
students as shown in our study can present their multitasking behavior which can also
present their distracting behavior. Therefore, these insights can facilitate in designing
systems to regulate the Games app usage for promoting well-being.

Like the correlation analysis, in mined behavioral patterns through the CBA algo-
rithm [16], we did not find link of depression with a single weekdays’ or 7 days’ behav-
ioral marker. Instead, through mining rules, we found high usage of Games apps in
terms of multiple behavioral markers was associated with depression. It is due to the
fact that to find a relation with a class (e.g., depressed), the CBA algorithm [16] uses
values of several variables in different combinations while the Spearman correlation [22]
uses data of a single variable to find out the monotonic relation with another variable.
This demonstrates the strength of the data mining technique in extracting Games app
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usage behavioral patterns of the students having psychological problems. In a study [23],
researchers presented the application of mined behavioral patterns to develop machine
learningmodels to identify depression with higher accuracy. However, Games app usage
data was unexplored as features for the models. Our findings suggest that as Games
app category’s behavioral patterns are linked with depression, this app category’s data
can be leveraged to develop better computational models for real-time identification of
depressed individuals.

From our developed Bayesian network, we found that the duration per Games app
launch data has the maximum outgoing edges, and also this node is directly linked with
depression. Hence, this can be a plausible target for limiting Games app usage behavior
and also lowering depression. This finding extends the recent study on psychological
problems where researchers discussed the interaction of depressive symptoms [3] pre-
senting a plausible target for intervention. Moreover, as we found that the higher Games
apps usage duration per launch had a negative relation with depression, Games devel-
opers may take this into account for the well-being of the students. They may integrate
different interventions (e.g., intervention through the input [13]) which was found to be
effective in minimizing app usage. But the Games should have the option to integrate
students’ self-defined rules since pre-defined intervention can create frustration [13].

5 Limitations

This study is limited by a small number of Games app users (N= 60) and 7 days’ Games
app usage data. In addition, due to having fewer participants in each sub-category of
Games, we could not explore the sub-categories to analyze the relation with depression.

6 Conclusion

Using the objective app usage data, we explored the relation between depression and
Games app usage behavior. From the Bayesian network-based analysis, we found that
the relation is not in a single direction. Also, our mined class association rules through
the CBA algorithm showed that depressed and non-depressed students have unique
behavioral patterns. Insights from our findings can be potential for the caregivers to
be aware of the negative impact of Games app usage. Researchers, developers, and
healthcare professionals can also use these insights to design systems for well-being.
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