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Abstract:



In 2016, the number of mobile phone subscriptions worldwide had surpassed the total world population; moreover, the number of smartphone addicts is increasing each year. Thus, the objective of this study is to analyze smartphone addiction by considering the differences between smartphone usage patterns as well as cognition. Our proposed method involves automatically collecting and analyzing data through an app instead of using the existing self-reporting method, thereby improving the accuracy of data and ensuring data reliability from respondents. Based on the results of our study, we observed that there is a significant cognitive bias between the self-reports and automatically collected data. As a result of applying data mining, among the six criteria out of the total 24 items of the questionnaire, the higher the “recurrence” item, the higher the addiction; further, “forbidden” item 1 had the largest effect on addiction. In addition, the input variables that have the greatest influence on the high-risk users were the number of times the screen was turned on and real-use time/cognitive-use time. However, the amount of data and time of smartphone usage were not related to addiction. In the future, we will modify the app to obtain more accurate data, based on which, we can analyze the effects of smartphone addiction, such as depression, anxiety, stress, self-esteem, and emotional regulation, among others.
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1. Introduction


According to the Korean Statistical Information Service [1], in 2016, the number of mobile phone subscriptions worldwide had surpassed the world’s population by reaching 7.5 billion subscriptions; the number of mobile subscribers in Korea alone had exceeded 60 million. Furthermore, based on this survey, the risks of smartphone addiction are increasing every year. Owing to the increase in the use of smartphones, the issue of smartphone addiction has become a serious social problem; for example, the emergence of “Smombies” (Smombie is a compound word including smart phone and zombie; it refers to individuals who walk on the road, while looking at their smartphone; because they are immersed in their smart phones, and are not aware of the surrounding environment, and such walking leads to a high risk of accidents.) has taken place. Even with the large number of studies performed in Korea, there is still no appropriate method to solve this addiction problem [2,3].



In particular, the data provided by the Korea National Statistical Office (KNSO) and various other studies are primarily based on old research methods such as questionnaires and interviews; these methods lead to inferior analysis results, because they are based on analyses and evaluation of the self-reported data, which can be intentionally manipulated.



Therefore, in recently years, studies using data collected via apps were conducted to analyze patterns of smartphone addiction; however, this method has several restrictions based on the software development kit (SDK) used to develop the app in terms of the analysis of the usage pattern of the app. Nevertheless, using the new approach developed by Park [4], the phone usage pattern can be easily analyzed by measuring the usage time of the smartphone, time spent using apps by category, and number of times the apps were executed. Furthermore, Lee [5] compared self-reporting and smartphone usage methods and found that there is a significant cognitive bias between the results of the two techniques. Lee [6] concluded that smartphone use should be revised to some extent as a measure of addiction, and that smartphone use also plays a role of innocence.



Thus, in this study, we combine both abovementioned approaches; in particular, we use data mining technology to collect data collected via self-reports using a smartphone app called “How often do you use” [7]. The data mining techniques were used to study the difference in perception and behavior of smartphone use as well as the effect of addiction on learning. In summary, the objectives of this study are as follows:

	
Understanding the pattern of smartphone usage by collecting long-term smartphone usage data in a manner that cannot be intentionally manipulated;



	
Identifying the impact of smartphone addiction in a reliable manner;



	
Identifying the differences between the self-reported data on smartphone usage.








The smartphone industry is growing rapidly with ever increasing options that influence users to follow through with newer adoptions and increased usage. Thus, by analyzing smartphone usage and addiction via unconscious usage pattern collection and data mining techniques rather than the existing survey methods, we can find methods to utilize smartphones efficiently and effectively.




2. Related Works


2.1. Smartphone Addiction and Data Mining Research


In a related study for smartphone addiction based on data mining techniques, Kim et al. [8] proposed a method to diagnose internet addiction. In order to prevent the intentional manipulation of surveys, they have based their research on data available on the Internet; however, because this data was analyzed using simulation, the actual usage data measurement was insufficient and had some limitations.



Ahn [9] analyzed college students’ “tendency to get addicted to smartphones according to the amount of time they spend on their phones.” They showed that major smartphone applications used by college students were social networking site (SNS), search engine, music, and call applications; in addition, they observed that, in terms of smartphone addiction, general users accounted for 82.2% of all users, whereas high-risk and potential-risk users accounted for 4.6% and 13.2%, respectively. They also emphasized that the percentage of women who were addicted (with both high-risk and low-risk apps) was higher than that of men. Most of the studies on Internet addiction have been conducted in a similar manner, and have obtained similar results; however, with the rapid advancements in both the software (including apps) and hardware of phones, we seek for a new, creative method to study Internet addiction that lead to more robust results.



Kim [10] identified smartphone addiction trends by obtaining addiction patterns based on the degree of the smartphone overuse. Their study showed that smartphone addicts suffered from the sleep deprivation phenomenon by delaying their sleeping time beyond midnight by engaging in phone use. However, this study also has limitations in that it shows the survey method and predictable results. Table 1 lists the data provided by the KNSO for 2017, which is similar to those obtained in the abovementioned study. The similarity between both statistics highlights that smartphone addiction risk continues to increase.


Table 1. Survey on the status of smartphone risk groups.





	Year
	Smartphone Addiction Risk Group *
	High-Risk User Group
	Potential-Risks User Group
	General User Group
	Men
	Women





	2014
	14.2
	2.0
	12.2
	85.8
	14.6
	13.8



	2015
	16.2
	2.4
	13.8
	83.7
	16
	16.5



	2016
	22.5
	2.9
	19.6
	77.5
	17.2
	18.4



	2017
	29.6
	6.4
	23.2
	70.4
	18.4
	21.6







* The smartphone addiction risk group represents the sum of the high-risk and potential-risk groups. M, W risk smartphone addiction [Source: KOSIS].









2.2. Smartphone Usage Pattern Research


In their study on smartphone usage pattern, Ryu et al. [11] studied a smartphone addiction and disease prevention system through smartphone usage pattern collection and analysis. Smartphone usage pattern is defined as the current state of the smartphone and user, i.e., the type of smartphones, behavior, posture, and usage time of smartphones by the users. In their study, the usage pattern data was collected through the orientation sensor and display activation state available in the smartphone. In particular, the objective of their study was to prevent the prevalence of addiction and illness caused by smartphone overuse by educating the users about usage patterns through the collected data. However, although their proposed method can be used to predict smartphone addiction disease according to the behavior type, its simplicity in evaluating for the disease using only the smartphone usage time serves as a limitation.



Yu et al. [12] conducted a quantitative analysis of changes in gait pattern based on the use of smartphones while walking; the purpose of their study was to analyze and report on the risk of walking while using smartphones as awareness material.



Song et al. [13] developed an app that extracts log data generated from a smartphone as well as a system to build a dataset by storing it in a server database (DB). In addition, they implemented an algorithm that finds groups of users with similar patterns of smartphone usage through collaborative filtering and predicts users’ Smartphone Addiction Scale (SAS) index; their obtained SAS results showed a similarity between the survey and algorithm index predictions that proves the effectiveness of their approach.




2.3. Research on Apps to Prevent Smartphone Addiction


New apps are being developed every year for smartphone addiction prevention. In particular, apps for elementary, middle, and high school children are emerging as a way for parents to protect their children from the imminent danger of smartphone addiction; in addition, there is a need for adult control app as well, as it will allow users to lock their smartphones or specify the usage patterns such that they do not become addicted themselves. ’Marshmallow’ is an example of such an app for self-control.



The “Marshmallow” app [14] aims to encourage children to develop self-control abilities. In particular, it is an app that encourages children between 9 and 15 years of age to earn points for themselves every time they obey the rules set by their parents.



In contrast, the previously mentioned ‘How often do you use’ app [7] lets one record and analyze one’s own unconscious usage patterns. It graphically visualizes the usage time of day, type of apps that are most used, amount of user data stored by apps, and number of times the screen is turned on or off. Furthermore, smartphone addiction prevention methods to solve the problem of smartphone add-on applications are being developed, such as those based on app usage time, data usage time, application blocking, usage time limit, and harmful site blocking, among others. In general, when a smartphone addiction prevention application is executed, all functions of the smartphone that were selected are blocked during the time set by the user. In addition, once the app is executed, the app feature could be powerful enough that one cannot unset it.





3. Research Method


3.1. Research Method


In our study, we randomly selected 125 students without distinction of major or grade, but most of the selected students attend computer classes. It should be noted that, though it was a relatively small group of participants, it was challenging to manage the large amount of continuously collected real-time data for a month and manually process it; in addition, we checked whether the data collection was being performed appropriately twice every week.



First, the self-report questionnaire was developed based on the SAS developed and standardized by the Korea Informatization Promotion Agency [15]; in particular, for the implementation and validation of our addiction behavioral study, we used a questionnaire based on six criteria by Griffiths [16]. Then, the collected data was used to analyze the smartphone usage patterns (SUP) using the “How often do you use” app and analysis program RapidMiner 7.3.




3.2. Self-Report Data Collection


Before collecting smartphone usage data, the KISA [17] standardized adult smartphone addiction self-diagnosis scale was used as the smartphone addiction self-diagnosis scale in our study. Our questionnaire consisted of four item categories with 15 questions (five, four, four, and two items for daily living disability, withdrawal, other times for tolerance, and virtual world orientation, respectively). Based on the score factors, the results of the questionnaire were classified into high-risk, potential risk, and general use. In addition, based on the study by Griffiths [16], the smartphone-addiction scale classification was based on the following six criteria: selinenes, mood control, tolerance, conflict, withdrawal, and recurrence. Table 2 lists the obtained results for self-reported addiction in our study.


Table 2. Respondent distribution based on personal characteristics (Unit: ratio (persons)).





	
Addiction Group

	
All

	
Gender

	
Grade

	
Level




	
M

	
F

	
A

	
B

	
C

	
F

	
1

	
2

	
3

	
4






	
High-risk user group

	
8

	
6.4%

	
3.2%

(4)

	
7.2%

(9)

	
0%

(0)

	
3.2%

(4)

	
2.4%

(3)

	
0%

(0)

	
0.8%

(1)

	
4%

(5)

	
0%

(0)

	
1.6%

(2)




	
Potential-risk user group

	
29

	
23.2%

	
15.2%

(19)

	
14.4%

(18)

	
6.4%

(8)

	
4%

(5)

	
5.6%

(7)

	
0%

(0)

	
6.4%

(8)

	
4.8%

(6)

	
4%

(5)

	
4%

(5)




	
General user group

	
88

	
70.4%

	
28.8%

(36)

	
31.2%

(39)

	
21.6%

(27)

	
24.8%

(31)

	
30.4%

(38)

	
1.6%

(2)

	
21.6%

(27)

	
31.2%

(39)

	
10.4%

(13)

	
11.2%

(14)




	
Addiction risk group

	
37

	
29.6%

	
18.4%

(23)

	
21.6%

(27)

	
6.4%

(8)

	
7.2%

(9)

	
8%

(10)

	
0%

(0)

	
7.2%

(9)

	
8.8%

(11)

	
4%

(5)

	
5.6%

(7)




	
Ratio

	
125

	
100%

	
47.2%

	
52.8%

	
28%

	
32%

	
38.4%

	
1.6%

	
28.8%

	
40%

	
14.4%

	
16.8%










Among the total of 125 respondents (including 49% men and 51% women), 28%, 38%, 18%, and 16% of the participants were first-year, second-year, third-year, and final-year students, respectively. Furthermore, the questions were divided into many life-related topics; in particular, questions on social studies, humanities, engineering, natural sciences, medical sciences, and arts/physical education consisted 41%, 27%, 17%, 10%, 2%, and 3% of the questions, respectively.



Our results show that 6.4% of the participants where 9 out of 13 students were female students suffer from smartphone addiction referred to as high-risk use. According to KNSO, in 2016, only 22.5% of the students suffered from smartphone addiction; however, based on our study (which was conducted in 2017), 29.6% of the participating students were part of the smartphone addiction risk and smartphone addiction high-risk user groups, thus showing an increase by 5.1% in smartphone addiction only in one year, indicating the danger of smartphone overuse on the youth.



In particular, grade-specific characteristics with high-risk were observed in the first- and second-year college students. There was no high-risk use for students achieving grade A, but 13.6% of grade B students were at risk for addiction. Thus, by measuring smartphone usage, it is found that students with high class are included in the group with high use of smartphone.




3.3. Real-Time Data Collection and Preprocessing


To investigate the patterns of smartphone usage, among the 125 people who participated in the self-report questionnaire study, only 64 participants agreed for data to be collected from their smartphone to measure and analyze their usage patterns in a more effective manner using data mining. In particular, we collected the following data items: total usage time, usage time by day, data usage, number of screen turns, usage time by app, number of executions by app, and frequently used apps. We collected the individual usage data, standardized, and combined the results of addiction on the SAS scale with the final dataset. The data collection lasted for a month (10 April 2017 to 10 May 2017); the recorded measurements are shown in Figure 1.


Figure 1. Statistics of the collected data with used apps. (a) Main screen. (b) Chart screen. (c) Data usage. (d) Number of screen turn-on events. (e) Time spent on an app. (f) Number of app launches. (g) Frequently used apps.
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4. Data Analysis Based on Data Mining


4.1. Data Mining Model


Data mining refers to the process of discovering useful correlations that are hidden among a large amount of data and extracting that information for future predictions or decision making. Smartphone usage data is an example of such massive data that can be mined for useful correlations.



Our research process is depicted in Figure 2; it involves combining self-reported data (via questionnaires), collected data from users’ smartphones, data mining for analyzing the effect of smartphone addiction on users, and finally, learning achievement.


Figure 2. Research process followed in our study.
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A decision tree model was used as the data mining model. The purpose of this study was to identify the factors that influence the addiction, rather than determining whether it is the addiction. This factor analysis method is traditionally used in correlation multiple regression, and structural spinning model analyses. However, in recent years, decision tree models have been widely used. This is because decision trees internally use the evaluation criteria such as the information gain concept and the Chi-square test to find important variables. We analyze the relationship between several input variables and dependent variables using decision tree analysis. We also visualize the results as a tree model, so that we can easily understand which factors have a considerable effect on addiction and apply them to decision-making.




4.2. Data Mining for Self-Report Questionnaires


In order to validate the results of our study for behavioral characteristics of smartphone addiction, six criteria were used for the classification of the factors of addiction (salience, mood control, tolerance, conflict, withdrawal, and recurrence) including 3, 3, 2, 1, 2, and 2 items for salience, mood, tolerance, forbidden, conflict, and relapse, respectively.



To investigate the relationship between addiction and the abovementioned six factors, multiple linear regression and a decision support tool (decision tree) were used for classification analysis. Our study involved the following steps; first, for the multiple linear regression analysis, we used the data from the SAS scale measurement results as the dependent variable, whereas, for the independent variable, we utilized the dataset obtained from the questionnaires for action addiction. In order to solve the problem of small dataset observations compared with the independent variables, we used the Bootstrapping operator to increase the number of observations by three times. Table 3 lists the results of applying the multiple linear regression model with a p-value 0.05 or less.


Table 3. Multiple linear regression results of the SAS survey.















	Attribute (Item)
	Coefficient
	Std. Error
	Std. Coefficient
	Tolerance
	t_Stat
	p-Value
	Code





	Salience 1
	−0.1037
	0.0363
	−0.1496
	0.8617
	−2.8553
	0.0047
	***



	Salience 2
	0.0888
	0.0321
	0.1532
	0.9643
	2.7628
	0.0062
	***



	Salience 3
	0.1165
	0.0375
	0.1678
	0.9712
	3.1030
	0.0021
	***



	Mood control 1
	−0.0976
	0.0281
	−0.1985
	0.8856
	−3.4719
	0.0006
	****



	Mood control 3
	0.0790
	0.0324
	0.1439
	0.9547
	2.4404
	0.0154
	**



	Mood control 4
	0.1182
	0.0290
	0.2153
	0.9026
	4.0829
	0.0001
	****



	Tolerance 1
	−0.1155
	0.0368
	−0.2103
	0.7292
	−3.1424
	0.0019
	***



	Tolerance 2
	0.0837
	0.0347
	0.1374
	0.9771
	2.4146
	0.0165
	**



	Withdrawal 1
	0.1807
	0.0335
	0.3217
	0.8618
	5.3859
	0.0000
	****



	Conflict 1
	0.1542
	0.0348
	0.2849
	0.8174
	4.4341
	0.0000
	****



	Conflict 3
	0.0902
	0.0280
	0.1868
	0.8316
	3.2227
	0.0014
	***



	Recurrence 3
	0.1024
	0.0349
	0.1834
	0.7577
	2.9323
	0.0037
	***



	Recurrence 4
	−0.0988
	0.0444
	−0.1554
	0.5207
	−2.2232
	0.0271
	**



	(Intercept)
	0.0250
	0.1464
	
	
	0.1705
	0.8648
	







** p < 0.05; *** p < 0.01; **** p < 0.001.








The results of the SAS scale were set as the label, while the attribute variable was set as the questionnaire for behavioral addiction. For the self-report questionnaires, classification analyses were conducted using RapidMiner’s Decision Tree to predict which of the participants’ answers (features) indicate addiction; these results are graphically depicted in Figure 3.


Figure 3. Decision tree graph results for self-report questionnaires.
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The high-risk users’ group was further classified into four sub-groups. The first sub-group comprised recurred item 3 and forbidden both items 1 and 2. The second sub-group is same as the first sub-group with relapse in item 3 and conflict in item 1. However, it is a sub-group proceeding with withdrawal item 2, salient item 2, and salient item 3. The third sub-group, similar to the second sub-group, is a sub-group that progresses to relapse in item 3, conflict in item 1, resistant in item 3, conflict in item 2, the mood control in item 4, and salient in item 3. The fourth sub-group is progressing to relapse item 3 and relapse item 1. This is a very important problem for addiction item 3, where users pointed out that they have been using smartphones only from time to time. Therefore, all items from 1 to 5 are essential for addiction measurements. The higher the recurrence rate, the higher the addiction; withdrawal item 1 was the most influential item in our addiction measurement approach.



The decision tree is analyzed as follows. Overall, “recurrence 3” had the greatest impact on high-risk users. Among the 24 items of the questionnaire, it can be seen that items “recurrence 3,” “conflict 1,” “withdrawal 2,” “withdrawal 1,” and “recurrence 1” have an influence on the high-risk user group. Furthermore, items affecting the potential-risk user group are “salience 3,” “salience 4,” and “tolerance 3.” Therefore, we propose that we weight all items according to the items rather than 1 to 5 points equally.




4.3. Data Mining for Smartphone Usage Pattern


In order to confirm the relationship between addiction and smartphone usage pattern, the classification criterion was analyzed using the gain ratio. For supervised learning, the label variables were assigned to the addiction level. The input variables were demographic characteristics such as gender and grade and usage time of the smartphone (0–6 h, 6–12 h, 12–18 h, 18–24 h). The final result indicates that, among the 64 users who provided accurate data for smartphone usage pattern measurement, 4.7%, 18.7%, and 76.7% of the participants were high-risk, potential-risk, and general or normal smartphone users, respectively; it is evident that the general smartphone users were the majority. The accuracy of our prediction was 89.7% as listed in Table 4.


Table 4. Decision tree confusion matrix.












	Accuracy: 89.57%
	General Users (True)
	Potential-Risk Users (True)
	High-Risk Users (True)
	Class Precision





	General users (pred.)
	83
	12
	0
	87.37%



	Potential-risk users (pred.)
	0
	12
	0
	100.00%



	High-risk users (pred.)
	0
	0
	8
	100.00%



	Class recall
	100.00%
	50.00%
	100.00%
	









The decision for the individuals to be grouped in the high-risk user group was made based on the following points. First, the screen is turned on for more than 110 times per day. Second, users spent more than 6.07 h and less than 8.29 h per day, while they spent more than 72.5 h per week using their smartphone. In particular, the third-grade students are smartphone-addicted, for whom, the results show that their phone screen was turned on more than 1971 times and most of their time is spent on entertainment applications. For the risk group, the usage time was less than 0.215 h and the number of the times the screen was turned on was less than 565 times; therefore, The input variables that have the greatest influence on the high-risk user group are the “number of screen turns” and the “actual use time—use time” variable. These results are shown in Figure 4.


Figure 4. Decision tree graph results for smartphone user usage pattern.
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The results of applying the decision tree using the app are as follows. As the ‘Number of screen turns” variable increases, the higher-risk users increase. In addition, “Entertainment” and “Actual use time” variables belonged to high-risk users. The greater the difference between the actual use time and the cognitive use time, the more potential-risk users were. In the existing studies, the cases where the usage amount was high were found to be addictive; however, the new variables influencing the addiction were found. In addition, the addicts found that there was a large difference from the actual use time than the perceived use time. The high-risk users did not recognize the use of smartphones.





5. Conclusions


In this study, we analyze the problem of smartphone addiction by applying a new technology using smartphone apps data. In particular, the difference between the current study and previous studies is that most of the existing studies were based on self-reporting surveys; thus, their results were not always satisfying owing to possible intentional manipulation or bias. Therefore, in this study, we analyzed smartphone usage patterns by combining both the self-reporting method and data mining techniques for more accurate results.



Our results show that 6.4% of the participants where 9 out of 13 students were female students suffer from the smartphone addiction—high-risk use. In 2016, according to the National Statistical Office (NSO), only 22.5% of the students suffer from the smartphone group addiction, which is 158 based on our result (conducted in 2017), whereas 29.6% of the participating students suffer addiction from the 159 smartphone addiction risk group and smartphone addiction high-risk user group, which has 160 increased by 5.1% in only one year showing the danger of the overuse of smartphones on the youth.



In addition, there was a considerable difference between the results of our study and the previous studies in terms of smartphone overuse. In 2016, the average weekly smartphone usage was 8.29 h; however, based on our obtained result, the average smartphone usage time is more than 6 h per day. In addition, most of the users turn on their smartphones more than 300 times unconsciously; more than 50% of the respondents said that they spend more than half of the day using smartphones either for learning or getting assistance in their daily lives. Thus, though smartphones seem to be an essential tool, their use also needs to be well-controlled.



The self-reported questionnaire was classified into 13 items based on six criteria developed as the addictive scale for the behaviors of overuse. In this study, we used multiple linear regression analysis and decision tree analysis to determine which six factors are highly correlated with addiction.



The following results were obtained. First, the higher the “recurrence,” the higher the addiction, and the higher the risk users, the higher the “withdrawal,” “conflict,” and “salience” order. Second, “salience” was the highest for potential-risk users and some “tolerance” items were included. Third, as a result of applying the variables that may affect the addiction, the higher the number of screen turns, the greater the difference between the actual use time and the perceived use time, the higher the risk users. Fourth, potential-risk users have a large difference in “actual use time—perceived use time.” Fifth, the high-risk users were unable to identify the actual smartphone usage time.



Therefore, the results can be analyzed as follows. First, it can be interpreted that the variables “number of screen turns” and “actual use time—perceived use time” are more influential on poisoning than the previous research that used the smartphone as poisoning. Second, we propose that we weight all items according to the items rather than 1 to 5 points equally. Third, in the existing research results, the more the amount of usage and the time of use, the more detailed the factors and variables than the simple result of addiction.



This study has a limit of 125 in the experimental group; thus, it is necessary to add more experimental groups. In the future, by combining the self-report methods and use of smartphone data and analyzing it using data mining, we can also analyze the danger of overuse, such as depression, anxiety, stress, self-esteem, and emotional regulation.







Author Contributions


M.L. and J.P. conceived the ideas proposed in this paper and designed the research method; M.H. implemented the proposed method and performed the related experiments; M.L., M.H. and J.P. analyzed the data and wrote the paper.




Funding


This research received no external funding.




Conflicts of Interest


The authors declare no conflict of interest.




References


	1. 
KOSIS. Available online: http://kosis.kr/statHtml/statHtml.do?orgId=101&tblId=DT_2KAAA10# (accessed on 12 April 2018).

	2. 
Herald Economic News. Available online: http://news.heraldcorp.com/view.php? ud=20171008000066 (accessed on 12 April 2018).

	3. 
NAVER News. Available online: http://news1.kr/articles/?3118025 (accessed on 12 April 2018).

	4. 
Park, D.G.; Kim, S.K. A Design and Implementation of Mobile Application Usage Pattern Analysis System. J. Korea Inst. Inf. Commun. Eng. 2014, 18, 2272–2279. [Google Scholar] [CrossRef]

	5. 
Lee, H.Y.; Ahn, H.J.; Nguyen, T.G.; Choi, S.W.; Kim, D.J. Comparing the Self-Report and Measured Smartphone Usage of College Student: A Pilot Study. Psychiatry Investig. 2017, 14, 198–204. [Google Scholar] [CrossRef] [PubMed]

	6. 
Lee, M.S.; Lim, Y.G. A Study on Relationship between Smartphone User Pattern and Addiction. J. Korea Soc. Comput. Inf. 2017, 20, 1–8. [Google Scholar]

	7. 
Google Play. Available online: https://play.google.com/store/apps/details?id=kr.co.rinasoft.howuse &hl=ko (accessed on 12 April 2018).

	8. 
Kim, E.J.; Song, W.M.; Kim, M.W. Prediction of Internet Addiction Using Data Mining. Korea Inf. Sci. Soc. 2008, 35, 359–364. [Google Scholar]

	9. 
Ahn, J.A. A Study on the Smart phone Use Behavior and Addiction of University Students: Focused on Effect of Depression, Impulsivity and Interpersonal Relation, Campus Life. J. Comput. Sci. 2016, 16, 128–162. [Google Scholar] [CrossRef]

	10. 
Kim, E.Y.; Kim, S.H. Pattern Study on Smartphone Addiction Group. Korea Acad. Ind. Coop. Soc. 2015, 16, 1207–1215. [Google Scholar] [CrossRef]

	11. 
Ryu, M.U.; Ryu, Y.H.; Hyun, W.S.; Lim, J.Y.; You, I.S.; Jeong, H.D. A Smartphone Addiction and Disease Prevention System through the Collection and Analysis of Smartphone Usage Patterns. J. Internet Comput. Serv. 2015, 16, 95–104. [Google Scholar] [CrossRef]

	12. 
You, J.H.; Jeon, J.K.; Lee, B.H. The Effects of Gait Patterns on Using of Smart-Phone Games in College Students. J. Korea Entertain. Ind. Assoc. 2017, 11, 243–248. [Google Scholar] [CrossRef]

	13. 
Kim, H.Y.; Jang, Y.B.; Jeong, E.J.; Ryu, S.H. A Study on the Relationship among College Students’ Construal Level, Self-Control and Smartphone Addictive Use. J. Future Orient. Youth Soc. 2013, 10, 47–67. [Google Scholar]

	14. 
Song, H.J.; Lee, M.K.; Jeong, H.W.; Yoo, S.J. A Study of Addiction Detection Method Based on Smartphone Usage Patterns. J. Adv. Inf. Technol. Convergence 2014, 12, 101–106. [Google Scholar] [CrossRef]

	15. 
Kwon, M.; Lee, J.Y.; Won, W.Y.; Park, J.W.; Min, J.A.; Hahn, C.T.; Gu, X.; Choi, J.H.; Kim, D.J. Development and Validation of a Smartphone Addiction Scale (SAS). PLoS ONE 2013, 8, e56936. [Google Scholar] [CrossRef] [PubMed]

	16. 
Griffiths, M. A “Components” Model of Addiction within a Biopsychosocial Framework. J. Subst. Use 2005, 10, 191–197. [Google Scholar] [CrossRef]

	17. 
IAPC: Internet Addiction Prevention Center. Available online: http://www.iapc.or.kr/dia/survey/addDiaSurveyNew.do?dia_type_cd=PAYS (accessed on 12 April 2018).

























© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).






nav.xhtml


  applsci-08-01191


  
    		
      applsci-08-01191
    


  




  





media/file6.jpg
KR

sems  shas

Pt sers

E— FREE

>-60m

nso

o

<m0
gk

<o
Poioroksers

o | [t | S
e -
s B
-
» sreentums.
sam <am -
s P | R g





media/file1.png
< 2017-05-15 ~ 2017-05-21 >

2D 06:45

e

4L IFle 1KY

) HAE|L6
ey
a6G ([l
67IM [sosn, 5,30
5.2G - :
a6 ([l -
nsc [

06:52:05 [l
06:32:13 .
05:49:20 .
3 042326
03:30:24 [

02:18:59 '

o9 58 F 0@

'ﬂ Oj4& 1 K4 ME QU RPC A >
‘.“ 2 M

258 [
234 -
150 (s

(u

19:44:34 -
08:57:56 -; —
08:05:40 -
07:02:59 . —
05:49:20 .
04:23:26 [+
03:41:30 '

02:1.24

y
i

1 0 0B 08 A

ANJ3C.L2 l L

(8)






media/file7.png
Number of

screen turns
>110 <110
Actual use time - High-risk users
Perceived use time
>8.285 <8.285
Potential-risk users Actual use time -
L
>-6.070 <-6.070

Potential-risk users

cielisetine [ —

> 72.500 <72.500
Grade Number of
>3 screen turns
<3
——— >1971 <1971
Igh-TISK users General users Act s
ual use time
I Prcie s me
Entertainment Chatting >-0.360 <-0.360
High-risk users General users Actual use time - General users
— | .
>0.215 <0.215
Number of
18-0 screen turns
>2.500 <2.500 > 565 <565
General users Potential-risk users Potential-risk users High-risk users






media/file5.png
<3500 Recurrence 1
>4.500 =<4.500
Tolerance 3 . .
High-risk users  General users
Salience 2 59,500 <500
>3/800 <3.500 >1,500 <1500 Potential-risk users
; General users  Conflict 2 _
General users Salience 3 .
N >2/50  <2:500
>2.500 <2.500 Mood contral 4 Salience 4
>2./500 <2.500 >2.500 <2.500
High-risk users Potential-risk users . . General users Potential-risk users General users
Salience 3
>2.500 <2.500

High-risk users  Potential-risk users





media/file3.png
Data Collection

Preprocessing

Data Modeling

Subject
evaluation data |

Self-report

» Correlation

j Combine data |

Multiple Linear Regression

information

J

Smartphone usage patterns

=il

Combine data ‘

Decision tree

- Decision tree






media/file4.jpg
am

<380 l
<
Tolerance 3 >4 <o

—
4w om 8 —

ey [rary I
General users Salience 3
— — - ow

5280 $2%0 Mood contral 4 Salence
>2:50 250 >2.30 S0

Potentia-isk users General users Potentiahisk users Generalusers
. —— ] — —
>80 <250
s et





media/file8.png





media/file0.jpg
@

()

(b)

()

MEEOOOBOOE

(8

)

©





media/file2.jpg
Data Collection Preprocessing Data Modeling

Subject

evaluation data [~ ~
Combine data






