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Abstract— The iss.ue of Smart.phone addic.tion has 

bec.ome one of the top.ics of conc.ern over the last few 

yea.rs, as more peo.ple find thems.elves with exces.sive use 

of the dev.ice, loss of produc.tivity, and are physi.cally and 

psycholo.gically affected. There.fore, the need to 

deter.mine accurate meas.ures of predi.cting smart.phone 

addic.tion and find.ing out who is at risk is incre.asing. This 

stu.dy applies mach.ine lear.ning to come up with a mod.el 

that can pred.ict smart.phone addiction usi.ng the data, 

whi.ch was colle.cted in the sur.vey condu.cted on 

smart.phone use.rs. Demogr.aphic (incl.uding age, gen.der), 

behav.ioral (incl.uding the usa.ge of smartphones, the.ir 

usa.ge frequ.ency, time spe.nt on them), and psychol.ogical 

(incl.uding str.ess, anxi.ety, depre.ssion, etc.) inform.ation 

is also encl.osed in the data.set. The mod.el is trai.ned usi.ng 

a sub.set of the data and it is tes.ted on the rest of the data 

usi.ng perfor.mance measures like accu.racy. Accor.ding to 

experi.mental find.ings, the proposed mod.el is of high 

predi.ctive perfor.mance. Smart.phone usa.ge hab.its, like 

the frequ.ency of checking notific.ations, the time spe.nt at 

the phone eve.ry day, and the most frequ.ently used typ.es 

of applic.ations, are some of the key aspe.cts of addic.tion 

predi.ction. On the who.le, this pap.er sho.ws that mach.ine 

lear.ning meth.ods can be effec.tive and appli.cable in 

predi.cting smart.phone addic.tion. 

 

Keywords— Deci.sion Tree, Ran.dom Forest, Logi.stic 

Regression, Convolu.tional Neu.ral Netw.ork (CNN), 

Mach.ine Lear.ning techn.iques. 

INTRODUCTION 

Smart.phone usa.ge has bec.ome a huge tre.nd in rec.ent 

yea.rs, and the.ir use is now rega.rded as the insepa.rable 

compo.nent of everyday life. Even tho.ugh sma.rt 

pho.nes have a host of advantages, when used too much 

and out of cont.rol, peo.ple bec.ome addi.cted to them, 

which negat.ively impa.cts on the.ir productivity, soc.ial 

life, as well as the.ir phys.ical and men.tal hea.lth. 

Machine lear.ning (ML) can be a valuable appr.oach to 

predicting smart.phone addic.tion, it is poss.ible to use 

its too.ls thro.ugh the anal.ysis of smart.phone usa.ge 

behav.iors, demogr.aphics, and psychol.ogical aspe.cts, 

i.e. str.ess, anxi.ety, and depre.ssion. The.se predictive 

mod.els can be used to identify peo.ple who are at risk 

and take ear.ly acti.ons to ens.ure that tho.se peo.ple 

ado.pt better usa.ge hab.its. 

The crea.tion of an ML-based predi.ction mod.el sta.rts 

with gathe.ring the data on the large-po.pulation by 

usi.ng the sur.vey met.hod. The varia.bles consi.dered in 

the data.set are the usage behav.iour in smartp.hones and 

soc.ial med.ia, demographic varia.bles like age and 

gen.der, psychological indic.ators.  

A suit.able ML algor.ithm is then cho.sen and is trained 

with the proce.ssed data.set in ord.er to get a relati.onship 

between input feat.ures and addic.tion outc.omes. The 

perfor.mance on the mod.el is deter.mined bas.ed on the 

test.ing data and accu.racy is a prim.ary meas.ure of 

evalu.ation. The trai.ned mod.el com.es up with a 

probab.ility score whi.ch is the prope.nsity of an 

indiv.idual to be addi.cted to a smart.phone
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Oth.er beha.vior characte.ristics inclu.ding screen time 

dai.ly, the num.ber of tim.es one uses the apps, sle .ep 

interr.uption and late-.night patt.erns also help in 

incre.asing the prediction accu.racy. Data balan.cing 

and cross-validation techn .iques enha .nce the 

robus.tness and reliab.ility of the models, whi .ch can 

be approp.riate to use the sugge .sted appr.oach in the 

act.ual situa .tion regar.ding smartphone addiction 

predi.ction. 

 

 

LITERATURE REVIEW 

 

Chap.ter giv.es a brief liter .ature rev.iew on the 
prev.ious stud.ies conce .rning smart .phone use, 

mobile techn.ology, and chall .enges rela.ted to it. 

It outl.ines the rese.arch on smart.phone addic .tion 

predi.ction, ment.ions technol .ogical prog.ress, and 

explains chall.enges use.rs exper.ience. Accor.ding 

to the giv.en rev.iew, the gaps in the rese .arch are 

recog.nized, and the prob.lem state .ment is 

formu.lated cove .ring the iss.ues of the sys.tem 

develo.pment and perfor.mance and stat.ing the 

rele.vant archite.ctural frame.work. 

Dem.ir and Akpi.nary resea.rched the contri.bution 
of mob.ile lear.ning applic .ations to the acad .emic 

perfor.mance of stud.ent as well as their atti .tude 

towards mob.ile lear.ning [1]. The auth.ors 

chec.ked the influ.ence of mob.ile sca .le meth.ods 

of instru.ction in ter.ms of acad.emic perfor.mance, 

attit.udes to mob.ile lear.ning and ski .lls in 

develo.pment of anima .tion amo.ng the 

undergraduate stud.ents. In a qua .si- exper.ience 

bas.ed des.ign, the experi.mental gro.up (n = 15) 

used mob.ile lear.ning strat.egies, wher.eas the 

cont.rol gro.up (n = 26) rel.ied on traditional 

lect.ure bas.ed teac .hing of the stud.ents in Dok.uz 

Eyl.ul Unive.rsity, Tur.key. It was asse .ssed with 

rega.rds to attit.udes, academic perfor.mance, and 

anima.tion produc.tions and it was fou .nd out that 

mob.ile lear.ning highly boos.ted motiv.ation and 

academic succ .ess [1]. 

Abad.iyan et al. used a rando .mized controlled tri.al to 
meas.ure the effi.cacy of glo.bal post.ural re- educa.tion 

(GPR) alo.ng with a smart .phone applic .ation in 

pati.ent care with nonspe.cific neck pain [4]. The 

standardized instru.ments that were used to measure 

pain lev.el, lev.el of disab.ility, endur.ance, post.ure and 

qual.ity of life incl.uded Visual Analog Sca .le (VAS), 

Neck Disab.ility Ind.ex (NDI), and SF-36 

questio.nnaire. The outc.omes of ANC.OVA have 

sho.wn that the use of smartp.hones applic.ations with 

post.ural re-edu.cation to achi .eve bet.ter clinical 

outc.omes is significant when comp.ared to traditional 

meth.ods [4]. 

A syste.matic rev.iew condu.cted by Osorio.-Molina et 
al. indic.ated an iss.ue of smart.phone addic.tion 

amo.ng nurs.ing stud.ents and its adve .rse 

conseq.uences in ter.ms of acad.emic achiev.ements 

and wellb.eing [3]. Equa .lly, a stu.dy by Sohn et al. 

asse.ssed the connection betw .een smart.phone and 

slee.ping beha .vior in you.ng adu.lts with the results 

revea.ling high correl.ation betw.een high usa .ge of 

smartp.hones and sle .ep distur.bances [2]. Wilke .rson 

et al. delved into musculos.keletal and cognitive 

conseq.uences of smart.phone use by find.ing out that 

the res.ult of the prolo.nged use of smartp.hones was 

detrim.ental to hand- or pinch-grip stre.ngth alo.ng 

with oth.er health outc .omes [5]. The find.ings are 

corre.lated with the investi.gations that highl .ight 

phys.ical and psychological dang.ers of over.use of the 

smart.phone [4], [5]. 

A num.ber of stud.ies have exam .ined predi .ctive 

mode.ling of smart .phone addic.tion usi.ng mach.ine 

lear.ning mod.els. Behav.ioral and demogr .aphic data 

have been analyzed with the help of the Ran .dom 

Forest, Deci .sion Tre.es, and logi .stic regre .ssion to 

disc.over risk fact .ors of addic.tion [7], [8], [9]. 

Waya.hdi and Ruz.iq have employed K-Nearest 

Neigh.bors to fore.cast the lev.el of addic .tion to 

smartp.hones with refer.ence to user behav.ioral 

patt.erns [10] whereas vim .ala and she .ela have 
util.ized mach.ine lear.ning mod.els to ass.ess the 

contri.bution of addic.tion to acad.emic perfor.mance 

[11]. Kalp.ana and Susheela veri .fied the 

effecti.veness of vari.ous mach.ine lear.ning and 

algor.ithms in addiction tendencies predi .ction [12], 

wher.eas Sange .etha and Noor.taj appl.ied the logi .stic 

regre.ssion mod.el in risk foreca .sting [13]. The.re have 

also been advanced meth .ods of classi .fying users 

bas.ed on the seve .rity of addictions like lat .ent class 

anal.ysis [14]. The syste .matic revi .ews further 

empha.size rela .ted health outc.omes and risk fact.ors 
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𝑖 

in adu.lt popul.ation and rec.ent studies incl .uded 

the use of the app applic .ation data in conjun .ction 

with the predi.ctive mod.el on men.tal hea.lth and 

wellb.eing [17], [18]. 

All in all, the.se resea.rches show the variab.ility 
of the.se applic .ations of smartp.hones in 

educa.tion, clin.ical, and behavioral sphe.res [1], 

[2], [3], [4], [5]. The resu.lts demons.trate the need 

to cre.ate sma.rt and data-.driven mod.els to tra.ck 

smart.phone usa.ge and make predic .tions abo.ut 

devel.oping addiction tende.ncies, thus enab.ling 

tim.ely treat.ment and effec.tive decisio.n-making 

[2], [3], [7], [10],[12]. 

 

The core compo.nent of the sys.tem is the mod.el 
training pha .se, whe.re sele.cted mach.ine lear.ning 

algor.ithms are trai.ned on the preprocessed data.set to 

esti.mate smart .phone addiction risk. The 

impleme.ntation is carr.ied out using Pyt .hon and 

establ.ished mach.ine lear.ning libra.ries such as scikit- 

learn and TensorFlow, enabling effic.ient model 

develo.pment and evalu .ation. The trai.ned mod.els 

lea.rn behavioral patt .erns assoc.iated with exces.sive 

smart.phone usa.ge and gene.rate accu.rate predictions. 

PROP.OSED MOD.EL 

 

The prop.osed appr.oach addre.sses the grow.ing 

conc.ern of smartphone addic.tion by leveraging 

mach.ine lear.ning techn.iques to pred.ict addic.tive 

tende.ncies amo.ng smartphone use .rs. The system 

foll.ows a multidimensional frame .work that 

integ.rates classification-based mod.els to anal.yze 

heterogeneous data, inclu.ding smart.phone usage 

beha.vior, demogr.aphic characte.ristics, and 

psychol.ogical fact.ors such as str.ess, anxi.ety, and 

depression. Data requ .ired for predi.ction is colle.cted 

thro.ugh struc.tured surv.eys, ensuring comprehensive 

cove.rage of user beha .vior and men.tal hea.lth 

indic.ators. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig: Sys.tem archit.ecture 

Aft.er data acquis.ition, a systematic preproc .essing 

pha.se is carr.ied out to enhance data qual.ity. This 

incl.udes hand.ling miss.ing val.ues thro.ugh 

imput.ation, enco.ding catego.rical varia.bles into 

numerical form, and struct.uring the data .set to 

make it suit.able for mach.ine lear.ning anal.ysis. 

These ste.ps ensure reli .able feature represe.ntation 

and impr.oved mod.el perfor.mance.To supp.ort 

scalab.ility and real.-time applica.bility, the sys.tem 

is desi.gned to han.dle lar.ge datasets effici.ently. 

Optimi.zation strat.egies such as parallel proce .ssing 

and mod.el cach.ing are incorp.orated to enhance 

computa.tional perfor.mance whi.le mainta .ining 

predi.ction accu.racy. The prop.osed frame.work 

facili.tates ear.ly identif.ication of indivi .duals at risk of 

smart.phone addic.tion, enab.ling tim.ely interv.ention 

strategies. Ultim.ately, the sys.tem aims to prom .ote 

healt.hier smart.phone usage hab.its and impr.ove 

over.all user well-.being in the modern digi .tal 

enviro.nment by emplo .ying reli.able and effec.tive 

mach.ine lear.ning mod.els. 

ALGOR.ITHMS USED 

1. Decision Tree 

A tree-.based mod.el used for classif .ication and 

regre.ssion. Inte.rnal nod.es repre.sent condi.tions, 

whi.le leaf nod.es indicate decis.ions. 

Gini Impurity : 
𝐶 

𝐺𝑖.𝑖(𝑡) = 1 − ∑ 𝑝2 
𝑖=1 
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𝑖=1 

2. Random Forest 

An ense.mble of deci.sion tre.es usi.ng bagg.ing to 

impr.ove predi.ction accu.racy by averaging outp.uts 

from mult.iple tre .es. 

Final Prediction : 

𝑦̂  = mode{ℎ1(𝑥), ℎ2(𝑥), … , ℎ𝑛(𝑥)} 
3. Logistic Regression 

Logi.stic Regre.ssion is a statis.tical mod.el used for 

binary classif.ication by estim.ating the probab.ility of 

an outcome usi.ng a sigm.oid func.tion. 
Sigmoid Probability Function: 

1 

2. Data Preprocessing 

The data.set was clea .ned to han.dle miss.ing values, 

inconsis.tencies, and redund.ancies. Catego.rical 

varia.bles were conve .rted to numer.ical form usi .ng 

lab.el enco.ding, and numerical feat.ures were 

norma.lized to a com.mon sca.le for fair contribution 

dur.ing mod.el trai.ning. 

3. Feature Selection and Dataset Splitting 

Key feat.ures influe.ncing smartphone addic.tion such 

as scr.een time, notifi.cation frequ.ency, app usa .ge 

patt.erns, and anxi.ety indic .ators were sele .cted bas.ed 

on explor.atory anal.ysis. The prepro.cessed data.set 

𝑃(𝑦̂ = 1 ∣ 𝑥) =  
 

1 + 𝑒−(𝛽0+∑
𝑛  

𝛽𝑖𝑥𝑖) 
was then spl.it into training and testing sets to 
enable model develo.pment and evalu.ation. 

4. Multi-Layer Perceptron (MLP) 

MLP is a feedfo.rward neu.ral network capa .ble of 

learning complex nonlinear patt.erns thro.ugh 
weig.hted connec.tions and activation funct.ions. 

Neuron Activation: 
𝑛 

𝑧 = ∑ 𝑤𝑖 𝑥𝑖 + 𝑏 
𝑖=1 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

METHODOLOGY 

1. Data Collection 

The data.set was collected thro.ugh a structured sur .vey 

of 500 smartphone users, captu.ring demogr.aphics 

(age, gen.der), smart.phone usa.ge beha.vior (da.ily 

scr.een time, phone-check frequ.ency, app categ.ories), 

and psychol.ogical fact.ors (st.ress, anxiety, 

depen.dency). 

4. Model Development and Evaluation 

Vari.ous machine lear.ning and deep lear.ning models 

such as Decision Tree, Ran .dom For.est, Logi.stic 

Regre.ssion and Multi .-layer Perce .ptron (MLP) were 

appl.ied in predi.cting sma .rt pho.ne addic .tion. The 

trai.ning data.set was used to tra.in mod.els in ord.er to 

lea.rn the relatio.nships betw.een the sele .cted feat.ures 

and addic.tion lab.els. The Adam algor.ithm was used to 

opti.mize neural netw.orks fas.ter and stabi.lize the 

resu.lts beca.use of the high convergence rate, and also 

enha.nced accuracy characte.rization of the ensemble 

mod.els such as Random For .est was used by utili .zing 

more than one tree. The class imbal .ance manag.ement 

and hyperpa.rameter optimization were used to 

impr.ove the perfor.mance and mini.mize overfi .tting. 

The mod.els were tes.ted  on the testing data by usi .ng 

the accu.racy as the main met .ric. Compar.ative anal.ysis 

was used to find the most effec .tive appr.oach and the 

impor.tance of features anal .ysis was used to show how 

much it was contri .buted by parti .cular attri.butes to the 

predi.ction. 

5. This is predicted and explained. 

Aft.er trai.ning and valid.ation, the final mod .el crea.tes a 

predi.ction on whet.her a user is addi.cted or not 

addi.cted to the sma .rt pho.nes. The outc .ome of 

predi.ction can be used to det.ect peo.ple at high risk 

who can be subje .cted to ear.ly interv.ention.  The 

findings prove that behav.ioral and psychol .ogical data 
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cou.ld be anal .yzed using mach.ine lear.ning 

techn.iques and pred.ict smartphone addiction with a 

high lev.el of reliab.ility. 

 
RESULTS AND ANALYSIS 

 

The prop.osed smartphone addic.tion predi.ction 

sys.tem was evalu.ated on a data .set of 500 reco.rds 

with 21 features cove .ring usage beha .vior, 

demogr.aphics, and psychological factors. 
 

 

1. Accuracy 

Meas.ures the overall correc.tness of the model: 
𝑇𝑃 + 𝑇𝑁 

Accu.racy = 
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁 

2. Precision 

Meas.ures the propo.rtion of predi.cted positives that 

are actu.ally posi.tive: 
𝑇𝑃 

Preci.sion = 
𝑇𝑃 + 𝐹𝑃 

3. Recall (Sensitivity / True Positive Rate) 

Meas.ures the propo.rtion of act.ual posit.ives correctly 
identified: 

𝑇𝑃 
Rec.all = 

𝑇𝑃 + 𝐹𝑁 
4. F1-Score 

Harmonic mean of Preci .sion and Rec.all, balan.cing 

both metr.ics: 
Preci.sion × Rec.all 

F1-S.core = 2 × 
Preci.sion + 

Rec.all 

Data preproc.essing included lab .el enco.ding and 

normali.zation. Seve .ral mach.ine lear.ning and deep 

lear.ning mod.els Deci.sion Tree, Ran.dom For.est, 

Logistic Regre.ssion, Multi.-Layer Perce.ptron (MLP), 

and Adam-op.timized neural netw.orks were trai.ned 

and tested. Ran.dom For.est and MLP achi.eved the 

highest accu.racy by captu.ring comp.lex patt.erns, 
whi.le Logistic Regre .ssion prov.ided sta.ble base.line 

resu.lts and Deci.sion Tree offe.red interpre.tability but 

was sensi.tive to data varia .tions. Feat.ure impor.tance 

anal.ysis ident .ified screen time, phone .-check 

frequ.ency, applic .ation usa.ge, and anxi.ety rela.ted to 

smartphone depen.dence as key indic .ators, with age 

and gen.der show.ing moderate influ.ence. The system 

effectively class.ified use.rs into addic.tion categ.ories, 

demonst.rating the poten.tial of mach.ine lear.ning for 

behav.ioral predi.ction. 

 

 

CONCLUSION 

The giv.en pap.er prese.nted a machine learnin.g-driven 

solu.tion to predi .cting smart .phone addic.tion, bas.ing on 

survey-based behav.ioral and psychol.ogical data. Seve .ral 

classif.ication and deep lear.ning algorithms were used 

and the sys.tem was succe.ssful in detec.ting addiction 

tende.ncies of use .rs. The evid.ence of the experiment 

reve.als that machine lear .ning mod.els have the capab.ility 

of stud.ying the smart .phone usa.ge behavior with a high 

deg.ree of accu.racy and arri .ving at meaningful 

predic.tions, whi.ch may ser.ve as a use .ful solu.tion to 

detec.ting indivi.duals at an earl .ier stage; lat .er, whi.ch can 

take appropriate protective acti .ons to miti.gate the 

prob.lem. 

Fut.ure rese.arch will aim at incre .asing the num .ber of 

samp.les to gener.alize bet .ter, inclu.ding real-time usa.ge 

of smartp.hones, and consid.ering oth.er sophist.icated 

deep learning architecture like CNNs or hybrid 

archit.ecture to lea .rn the more compli .cated behav.ioral 

patt.erns. The introd.uction of explai .nable AI meth.ods 

can impr.ove the lev.el of transp.arency and user tru.st, and 

a sys.tem can be furt.her expa.nded into a mobile 

applic.ation to cond.uct cons.tant monit.oring and prov.ide 

indiv.idual adv.ice on interventions, whi .ch will 

encourage respon.sible smart.phone use and digi .tal 

wellb.eing. 
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