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Abstract

Objective: This paper aims to evaluate the effectiveness of applying the Random Forest algorithm
in predicting the categories of smartphone addiction among first-year college students, and to analyze
the key factors influencing smartphone addiction in this population. Methods: Psychological and
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demographic data were collected from 2,530 first-year students at a university. A three-class clas-
sification model was constructed using the Random Forest algorithm to determine the level of
smartphone addiction among these students. The model’s performance was evaluated using AUC,
F1-score, recall, and precision as metrics. Results: The Random Forest model demonstrated good
classification performance. Furthermore, an analysis of the importance of influencing factors re-
vealed that the five most significant predictors of smartphone addiction were academic burnout,
fear of missing out, self-control, procrastination behavior, and social anxiety. Conclusion: The Ran-
dom Forest model is effective in predicting smartphone addiction among first-year college students.
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1. 53|

B BE T HURURE & SCA BT 8 BT ML A i S 50T MM F 3 R B ) O B AT (D5 0L, 20145
Salehan & Negahban, 2013). #R4f H [ BN 2645 B0 R AT S 51 &k Ch ER 30 BB R ik D) , &
1k 2022 4 12 AJE, PEMRIEE 10.67 N, HPFINER LS4 10.65 20 E LB E S,
2022). K2 AT A B SRR 3G 2, FAUEHE A Rl 2380, 25 5 06 A A = REF AL 0
54T N R E(JESE, D7, 2022, Smetaniuk, 2014) . PR a0 AT FRI0RN 57 18 K — 3 AR R BE T ML OIE )
RO A 43 B (A TR

TG OB T, HLER S ST IR ATE T RN 25 & 2 FREIE,  FF0 08 h i 7 I B k4742
i, AR 2000 B AR AR R B, Bl O Z N 0B 2R (5, 150, 2020). (H2H%
WU 2% 2] 7735 N T35 BOREAT 9 HEAT 73 2 0 ¥ 7 FE WIS 25 (Gross et al., 2020; Hsieh et al., 2019; Kamarud-
din et al., 2019). 7E Giraldo-Jimenez % A(2022)RH T FLRIAS [F] (ML &5 2 3] S50 BF48 LK 2% 22 A 1) o
PR A B D R A FOR O HEAT AT, BT R BETF UK 0 AT 55, WFRGE R, SCRFIm SR
ARMREILH . Lee A1 Kim (2021) R A& B8 F U 14T N BE 1R — 00 4F1E, [FIRER DLBEHLAR MRS
BRDRAF. ERERIE, FET R SEIEG M A GE 05 80T Al AN IR 2% 25 A T ML a1 Tt o1
Hik(Aboujaoude et al., 2022) . I X FARFAE B B 2341, FRATTAT DA B B0 LR AE 7R T H bR AR 207 T B A
BRIz Ak, B B SR & TR R AT 2T 5%, Ik R AR R e SUN OB AN 3R
AR AR R T FATSERR E p A R m 2 5 FIX i3, SR04 28 8h ks %
%, S LD 20 AN [ FE RS O T L RSORE L B A S R . AHEEZ T, SR =20 84T 550, #50dis 20 o T i
A IR I AN i = A8, AT DA AT RS A T RS R I SOROIR A, AL T TR A B
ST )5 . B SR EAT e i 1wk, A BT R T ORI, IR SRR R T T i, 5B
Pl b R B AL R AT O, R AR B T AL R P mT R

g5 LRTR, ASCRABENLARME L, XHSCERBI 00K — 8 AR 0 B FALAF 20 R o A st BRAH . plura
W LR BEFHURTEAL =3, B )\ RO B2 AR AN N 22 ARV RIS, ST =0 A, i
B 5 9 RE FALRURE LA B B0 (o B 2 RN 2R AE TR 5 e T2 M LB B2 Bk 58 Jon v A el 22 1)
Fiike
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2. 7k
2.1. #ik

AW T £ b S S 7 R RIS ARk 2530 N, HERR A AR B I 3ald & 2482
N SPEIFEE 17.94 %, bRt 0.657. Hrp R B AE T AU #1047 2053, A3 8 BET HLART (41
366, FHETHLHRIIHIRA 63 Ao AWK CEMESHIRFE R, JEBEAm N N BRI ET A IR %

22. METHR

(1) REFAEFRFIREER

SKFH IR0 S N (2014) g i) 1R K 2442 5 fig LR RE 7 2% (Smartphone Addiction Scale for College Students,
SAS-C). ZERILH 22 Mk H, KM Likert5 riit7r, M 1(GEEARTE)E] 5 (FE /) AT VHE . BF
TRWAT N RAT A A, THAREE . App {5 AT App BT 6 AN 4340IKT 65 R IER A, At
T 66~77 7R AL, T 77 B RE TSR AL fEAHT SR A, B3R Cronbachs’ o 24 0.918-

(2) HEAT A&

KHI Aitken il {36 ZE 17 A4 1] 45 (Alitken Procrastination Inventory, API), HSCRR EL48 R /T 25
(2008)361E . iZEFIA 19 Nk H, KH Likert 5 s5it5r. M, HEET ™ E. EAPFTER
f] Cronbach’s o & %4 0.843.

(3) KR AEEIBER =

KA EMSE N (2005) il 2= ) e B ER . ZERIL 20 M H, GIREAIE. 1T RN, ol
=AM . R Likert 5 g4, M1 (ERAFFE)H 5 GERFFE) AT I . B0 BRI IER
TRk =, TEAWEITERN Cronbach’s o R4 0.884.

(4) BEREEHER

KR AR 217K K (2008) 4w il (1) B FRIE I =R, FL 19 ANKH, - hrhshist], (@RI m. HKHIE
B L VE TAEDUANERE SR H Likert 5 s vt 43, 459018 2 W B FR4% 1 5 ) 108 . /£ A B 5T 2 % ¥ Cronbach’s
a RN 0.817,

(5) HiRFEIEER

SR A5 N (2019) gt B8 SR AE FEREZR, 0 8 NITH A1 2 ANERE : B A5 B A BB AN I 1 e ) 22V H
AR, FonBE AT . TUH PESR A Likert5 sSit4r. fEARFEH, B3 Cronbach’s o 544 0.823.

(6) tLZfEERER

K HI Watson A1 Friend (1969)Zk i (AL A2 faf& B3R, K u2ali 155 A (2003)3EAE H R 2 A= Ml vh A=
HEME R R, BRAE 15 N8, KA Likert 5 fitr. HolmEms 5 BB EER. KR
1 Cronbach’s o Z%°4 0.852.

(7) SitEH 2 REER

SKH Zimet 25 A\ (1990) gl ) SEF 2 RFER . ERAE 12 ANTHEMN 3 MERE: FEEXH. IR
SCRERIHAB A SRS . TUH R A Likert 7 sittsr, M1 (EEARE)H 7 (B4 FE). A5+ Cronbach’s
o RECKH 0.944.,

(8) AL EEER

K H Diener %5 A (1985) 4wl 2B VST B &R, ZERA 5 MUH, #H Likert 7 fi¥5y. A#BEFH
[ Cronbach’s o %4 0.880.

(9) HHEER

KH Rosenberg (2015) %l ) B ¥ #R . &R 10 NMTH, KH Likert4 miitsy, HAFEAREE
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FHBZEEWANYEE . A5+ Cronbach’s o &% 0.858.
2.3. HIRAIE

(1) FHAEFRIE: ARAE AT ASCHR, AN 8 58 B FHUBURAH G OB AFE . [RINFFRA 1025 18
B 7B N TR, GO UYL AR YR R TS AR 2 3 ANMREIE. 2 JE {8 SPSS 23.0 X AN
RTINS, TR RER R AL, R RS R R A Kruskal-Walli 77 Z 5347 .

(2) BHEIA— A B Oy T kG A [R5 (A U 2 o K SO R 2, A AT A — b3, B
B i 38R 0, ARiEZEN L.

(3) MiFAwtD: one hot 4whlA F) T fif vk =7 25 M #i(Low et al., 2020), BPfgFExTHEZH E SO 100, A%
TRt [ 25 58 S 010, R RE ML 4 € S 001,

(4) I RAE « g BEXT IR o RSB A0 1) ZEL PR e AT RSO 4 2 ) N B0RH 220 K, P A 20 25 5 o T A 22
R F SMOTE #4731 %% (Narkbunnum & Wisaeng, 2022), AN A4 2 7] () 22 5 .

(5) BRI S KA e LA 7:3 B LR BRI M ZREERTIARSE, i F A IR RIVE TS 4L, JEx
WIGREEHAT 5 Y158 IAIE, $ETHRREAY 37 LR

(6) AT K Python3.9 #37 FEHLARAMA Y, 2250k 25 B0 5 5 B A 2 (1 2% 3] 2% 40 0 L 500,
AN O] SRR PR BRI H O 8, 4 i /N AR ECH 80, WP 4 U /NEAR KN 20, HRORIRBE
WHEN 25,

3. &R
3.1. KEAEEREFHRBHR S

MRDIERIE 1 PR, BRETHREA T SO0, AFHEE. AEEEEIME, 5
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Figure 1. Heat map of the correlation between smartphone addiction and each variable
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Table 1. Differences in psychological characteristics scores between groups of college students
1l REHAEVEFFHIERIER

A i e HE 20 SR ) 2 BREFHLAUE A SRR S
HitEAT A 43.34 51.71 54.13 H = 310.35, p < 0.001
R 52.07 60.80 64.46 H =302.11, p < 0.001
EE €l 63.35 55.78 51.49 H =324.19, p < 0.001
HREER 17.03 20.25 24.00 H = 165.96, p < 0.001
AT AR 42.77 47.88 52.08 F =71.95,p <0.001

RS R 60.45 56.52 55.11 H =38.70, p < 0.001
IR R 21.63 19.60 19.37 H =39.20, p < 0.001
He 28.40 26.01 24.17 F =56.87, p < 0.001

R AN F2 A5 B AT ROTRIG S5 45 Rk 2 fios, YRR A 7 AR B e T AL 702K
FHIZERA GRS, AR RIS RN X 70 KA Z AN B2, I AL 5 ) @il 72
rhir L AR YR — TR R 3R

Table 2. Distribution of demographic information of college students across different groups
2 REEAOZGEEESRFIRBREIHRIER

ZH ) %o R 21 IR 16 ) 25 BHREFHLRE R p 1E
4 5]
% 1018 153 31
7.55 0.02
& 1035 213 32
T MAE
= 552 81 22
6.04 0.05
5 1501 285 41
AR
ARy 1439 251 43
0.41 0.81
W 614 115 20

3.2. HIBEFIFETMEEMS S

1 AL AR PRS2 B 77 1) feature importance X7l K 2 #E 47 HEF B FRAEOHET W3 3. TEREAL
Tk, BaRERRT EAEE R YGRS, FRER. AR, T NS ERE.

Table 3. Ranking of predictor variable importance using random forests

= 3. BEHLARM TN E R EHT

Pl HREIE ARER HETO S AR SRR SRR RSGE MR T

0.2292 0.2273 0.2155 0.2105 0.1305  0.1086 0.0967 0.0717 0.0613  0.0167
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3.3. BEH AR EER B TRBIR

KM RIEPRGRAAESH, FFENRE EIPAER . ZPRIN9E 4 PR, BENLARARETIR ) % TF
WriatrrmT 80%. [FAIS v 1 G R A AR RAE AN RN 2 b o R kP, SR 22 ROC B £k H T
AHEATXTEEPRAT, LIS 20 S5 SRHL, fi B AL AN A T-HLAURE 4L AUC B 253 0.9,
Table 4. Effectiveness of random forest in predicting smartphone addiction among first-year college students
= 4. BEALARMEE TN K —HE FHLRR 7 LRI R

FHEAE % #1815 1% F1/% AUC/%
86.45 82.47 86.09 93.15

Random Forest Receiver operating characteristic example
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Figure 2. ROC curves for random forests under different categories
Bl 2. FNEIZEATREHLARMEY ROC HiZk

4. 71ig
4.1. TS EEFHU B EEIFHE

AW FCE S RRE BT RE T 5 MR AR R, X REF LA R A BN . TERT
i PR 2, Sl s B A I SR e T AL RO s o B PR 3R, X — USRI Z8 5 FH 2 3
BZES MR RS N, AR L I0E R SR G2 A A7 T 5 28, AMRE A8 B Sz 26 3% mh i 3 10 e S (ot Rk or
2006). R HEEMHDT HHER 5, Elhai 5 A (2020)15 FH ML#% 2% 31 A 10 [ )= S0k 1a) @i - AL 4
FAAT AL, RFELm @ FI AN EEEmE R, SREAMA K. MTER— -7 2R
Forb, VR AE FHAS R A FE A 2 D 1) R AL 28 Ik A R T DR 25, [RDRE R A R AR e R b il
Faf (¥ T30 X 25 (Dempsey et al., 2019).  HIIZHILEFENLARMR A HESE =, U082 T fe T= B o i) 5B
BRI, X — W0 AE BT AT 58 of R RE S BE A (Khang et al., 2013). SubFEIN, ATABIHEIEST 2 Tl
B R TFHLRSORE B BB N o SRS /A S S R T AL AT 3 B AT, X AT e T B e A AT
KNS ERET- WL & [0 A7 (R A E 5k FOVE FH (& DD 4545, 20185 53, 2020; Przepiorkaetal., 2021). 3
AT BN B A58 £ R 5 BT AT 20 38, 45 IR R IAS I AUC E 347G W R BRI #a %S, SR, U780
Mo O B A A A FE R ZR B, AUC B IF R A B PRAR, IX 3R B 4158 £ 18 A& 3 Re AL O 70 w17 8 22
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SOMAIRI R o AT P HLAL S AT DAE Bl — et A58 £ B AN A SR e A PP A O, SXAEASH AL AT SE T ) 318 F AL
LW 2% TR IRANR T NBRAZAE BB . BEARIXFIAT N SRR SR A T — M S S AR R A, (ER
T PR TFAL AR 2 5 250CH = I FH LR XU (Enez Darcin et al., 2016; You et al., 2019).

4.2. BREFHIRMER) 7T RRE

H RTHLAS 2 ST 223 25 MAE 72 2 R T ARG DB ATRS 25 R B (s PHG %, 2022, K #:%%, 2014, X%
S, 2019), AR T NER X B Be TR AR e AT T RURTERAR R, R R BE AR AR 1) =72
SRS T2 AT, SEEL T IR A ) 2E 1A A R A o SX AN R R e T AL SR ) R R B TR R
WAHLAR S ) FVELE = 7 2 SR PR TR s 1. BhAbh, FRATTEST AN [RI 20 1) 2 SRkl 1k 3k
1T HT, 45 F R U Rt HE 2R BB AL SO 2H 10 0 R AE S AN R IUER AT, (2 Ut n) 24
o RRAFAE — B 22 o X AT RE A2 T Bt e & — Ak Ui i 72 (Brand et al., 2019; Neverkovich
etal., 2018), 4> JSHE 5 & AR A MR 2035 BE— DN AN BRI L S — M AR IR Z, (H2A4h
M AP READSRAFEIR KB 2, X FTREZ T BUSORE M ) 2H 1 23 SRR R %

4.3. ARATE

A FMAFAE LN NSl B, HLEaR 2 SEE AT KEE SRR R PR o, AW TP 52
WEHE A HA L. KR, AFTREERT AR, TS0 R AL S CaRft /e & rfT
NIEKIIRE, SRS TTAT LR B MAT AR PR A RO BR AR AR AR S & 100730, DR S BR g mT e PR A
HERTE. BEAN, ABFFACE X R — T EBATIR ST, X T R AERE BOM A& PR RS B8 B 4%,
AR BRI TE IS4 B8 R AR RV el AR AT B 4= T R 4512
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