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[Abstract]

In this paper, we propose a classification analysis method for diagnosing and predicting problematic
smartphone use in order to provide policy data on problematic smartphone use, which is getting worse year
after year. Attempts have been made to identify key variables that affect the study. For this purpose, the
classification rates of Decision Tree, Random Forest, and Support Vector Machine among machine learning
analysis methods, which are artificial intelligence methods, were compared. The data were from 25,465 people
who responded to the ‘2018 Problematic Smartphone Use Survey’ provided by the Korea Information Society
Agency and analyzed using the R statistical package (ver. 3.6.2). As a result, the three classification techniques
showed similar classification rates, and there was no problem of overfitting the model. The classification rate
of the Support Vector Machine was the highest among the three classification methods, followed by Decision
Tree and Random Forest. The top three variables affecting the classification rate among smartphone use types

were Life Service type, Information Seeking type, and Leisure Activity Seeking type.

» Key words: Problematic Smartphone Use, Machine Learning, Smartphone Use Type, Decision Tree,
Random Forest, and Support Vector Machine
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I. Introduction
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I. Preliminaries

1. Problematic Smartphone Use
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2.2 Random Forest
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Fig. 1. Random Forest
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2.3 Support Vector Machine
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M. The Proposed Scheme

1. Research Model
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Independent Variables

Smartphone Usage Type

Leisure Activity
Seeking Dependent Variables
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Seeking Services Leaming Problematic Smartphone Use Level
Analysis

Communication
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Times of Digital
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Human Life
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Fig. 3. Research Model

2. Data Analysis
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IV. Results

1. Problematic Smartphone Use level of Decision
Tree technique
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Table 1. Analysis result of Decision Tree

Train data
Response: train $ Problematic Smartphone Usel
Inputs: train$InS , train$LAS, train$ Com, train$Lse,
train$Tus, train$Dca, train$Hre, train$LSa
Number of observations: 17,847
tr.train low high Sum
low 15640 2207 17847
high 0 0 0
Sum 15640 2207 17847
> sum(tree?)
[1] 17847
> diag(tree2)
low high
15640 2207
> sum(diag(tree2))/sum(tree2)
# Classification rate
[1] 0.8763378

Test data

Response: test $ Problematic Smartphone Usel
Inputs: test$InS , test$LAS, test$Com, test$Lse,
test$Tus, test$Dca, test$Hre, test$LSa
Number of observations: 7,618
te.test low high Sum

low 6704 914 7618

high 0 0 0

Sum 6704 914 7618
> sum(treeb)
[1] 7618
> diag(treeb)
low high
6704 914
> sum(diag(tree5))/sum(treeb)
# Classification rate
[1] 0.880021
Dca : Digital Capacity InS : Information seeking
Hre : Human Relationship LAS : Leisure Activity Seeking

LSa : Life Satisfaction Com : Communication
tr.: train Lse : Life Services
ter TEST Tus : Times of Usage

2. Problematic Smartphone Use level of Random
Forest Technique

AOPEE VpOJEo] tfgh RE7]Y 24144t Table 2. oF
2t WG AE(RF)Z ATFEE Tlo|E B2 2 5] 9
sto] A& Hloe g sha-& HlojEet A58 HlojE g -2
siitt. AEuE AlRIeh AA HlolH 7 210507192
0, o]F sh5& dlolE= AR dlolEl9] 2/3 (14,0337H),
85& 5110151% 1/3(7,01770) 2 F-2s13it.

AULERE HOJE Ofet h5-& HIojE9 FiRe
86.62%(0.8662439) 2 LIERITH BHi50] BE=g0of A&k
Rl Q5w ALY AYASE A &
et sk5-& HolElY] FReAlpoM 58 T AEAY]
(110.84), B 7AAH(98.19), oJ7F=1(95.17), ASY
AoldR(93.71) o2 UER Ska-& dlo[H o] A|UAIS
NN 58 %= AEAE|A(332.49), 7J B AAP(305.13),
HAFUA013%(290.70), AUEEE 0] GAITH232.68) 02

o r

\> I

UERHT. A0PEE Mol Ot FRE0 92 tlRl=
8 W AR AY, FEAMY, ARUACIEE, o
7PEAY, AORERE O] GARE So2 A
AUEE HofEo] tigh 458 o™ FEFe
85.87%(0.8587716)= UERHTE 758 tojge] Agetw
AroM F8=s AYZAB|AF(81.92),
(68.55), o17H5+19(66.30), A0FEZ O]-&AITH(58.66) <=
oz Ueth 488 HlolEY AYAedN S8k
A 8] 29(189.19), HRUA01AF(186.55), EAM
3(164.67), AOFEZ o] 8A]7H135.20) 0.2 LHEITT

ARz

AUEE JoJE0 tfgh F /&0 FF= A= B4
A, JEANY, ARUACY, of7la7d,
ADLEE o] §AR} S0 523 ¢ 4 USiC.
Table 2. Analysis Result of Random Forest
Train data
> round(importance(rf_out2), 2)

Low High MDA MDG
train$InS  83.44793 35.76456  98.19206 305.1251
train$LAS 73.30983 64.62912 95.17049 179.4788
train$Com 86.44342 20.2293 93.70996  290.6993
train$lLse 98.74434 3157962 110.84351 332.4883
train$Tus 47.30518 67.78466 7155834 232.6756
train$Dca 65.37091 48.04987 78.87015 161.9762
train$Hre 71.40857 28.70044 81.65945 185.6069
traindlsa 79.33765 25.24759 85.88680 159.0187
train§Tus o trainSLsa
tr.rf low high Sum
low 11900 1436 13336
high 441 256 697
Sum 12341 1692 14033
> sum(rf1)

[1] 14033
> diag(rf1)
low high
11900 256
> sum(diag(rf1))/sum(rf1)
[1] 0.8662439
Test data

> randomForest::importance(rf_out3)

Low High MDA MDG
test$InS  61.69320 20.908419 68.55639 164.67900
test$LAS 5497530 39.401529 66.30111 134.77853
test$Com 51.31996 13.723844 55.50956 186.55679
test$lse  79.78061 9.384802 81.92274 189.19378
test$Tus  46.21512 41525599 58.66201 135.20163
test$Dca  41.38491 39.264985 54.88595 89.16996
test$Hre  42.39026 13.506215 46.22878 122.29808
test$lsa  42.05669 26.318761 50.05771 83.23415
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test$Lse o|  testSlse
testsinS o testSCom
testSLAS o testSin§

test$Tus ° testSTus

test$Com o testSLAS
test$Dca ° testSHre
testSlsa © testSDca

teststie | o testSLsa

T T T T T
45 50 55 60 6 70 75 80 0 50 100 150
MeanDecreaseAccuracy MeanDecreaseGini

te.rf low high Sum
low 5874 725 6599
high 266 152 418
Sum 6140 877 7017

> sum(rf2)

[1] 7017

> diag(rf2)

low high

5874 152

> sum(diag(rf2))/sum(rf2)

[1] 0.8587716

MDA: MeanDecreaseAccuracy
MDG: MeanDecreaseGini

3. Problematic Smartphone Use level of
Support Vector Machine Technique

ADPEE 2to]=of Tfgt SVMZH A2 95l Hojg]
£ o5& 458 tolHz 25kt A dlolEe
25,4650|H, sk5-8 HlofEl= 70%( 14,817), 75-& Ho]
El= 30%(6,233)=2 &5t

SVM #4423k Table 33+ 2t} 5358 tojEle A0t
EZ uol=o| tist AEEE-2 87.87% (0.8787204)= LIEL
YUl A58 tolE 9] HE=g2 87. 77%(0.8777475)2
Uepidt) 8148 tlojejel 7458 Hlolele] B8589 Alo]

7h ARSI LR BhRI3 2R Qlolch

4. Comparison of Classification Analysis for
Problematic Smartphone Use Level

DT, RF, SVM 7|9o] Wz} ot5-8 tlojEet A58 4
oJEl2 150 HEEgg skl Al Table 4. 9 2
o] Lpepct,

IR 71 25 AR B go] 2R} Wikt
kO] 86%O1Y H5HES MRTE 15 SVM 7 g
S& HolojElz Z5-& dlolE Aol 0.12 71 A
Aolg UEL, BREE 87.87%2 7V B

Table 3. Analysis Result of Support Vector Machine

Train data
table(pred, train$problematic smartphone use1)
pred low high

low 13009 1796
high 171
> # Classification rate (%)
> tr.svm <- predict(svm.model)
> svm2 <- table(tr.svm, train$problematic smartphone
usel)
> addmargins(svm?2)
tr.svm low high  Sum
low 13009 1796 14805
high 1 11 12
Sum 13010 1807 14817
> sum(svm2)
[1] 14817
> diag(svm?2)
low high
13009 11
> sum(diag(svm2))/sum(svm?2)
[1] 0.8787204

Test data

te.svm low high Sum
low 5471 762 6233
high 0 0 0
Sum 5471 762 6233

> sum(svm3)

[1] 6233

> diag(svm3)

low high

5471 0

> sum(diag(svm3))/sum(svm3)

[1] 0.8777475

Table 4. Comparison of Classification Analysis Results

Classification
Analysis DT RF SVM
Technique
Data train | test | train | test | train | test
Classification
o 87.63 | 8800 | 8662 | 8587 | 8787 | 8777
rate (%)
V. Conclusions
B A7e ATlEE YolEg FTelL A5 9
of AFAls Wl JAMARPER], HHZLAAE, ARE
HE WA 7Y & 7P et 2RE URUe 2
o] 2SQIA] TersluAt AlEE|grk Egt ATLEE o]g

o] xtagct
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