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Abstract

The present study compared the predictive performance of machine-learning models and statistical models for forecasting profit and operational
cash flow by using a combination of accrual and cash variables. The research method encompassed 3 main stages: data set and variable
selection, modeling, and estimation. The study focused on companies listed on the Tehran Stock Exchange (TSE), analyzing data from 184
companies over the period of 2012-2021. The findings indicated that accrual variables exhibited greater explanatory power than cash variables
in predicting net profit and future operating cash flow. Furthermore, the comparison of machine-learning and statistical models for forecasting
net profit and future operating cash flow revealed that the artificial intelligence approach exhibited superior capability. Specifically, symbolic
regression among the machine-learning models and the probit model among the statistical models demonstrated higher performance.
Additionally, the results indicated that certain statistical models outperformed some machine-learning models while, on average, machine-
learning models outperformed statistical models.

Keywords: Classification, Data Mining, Machine Learning, Net Profit Forecasting, Operating Cash Flow Forecasting.

Introduction

In the current intensely competitive business environment, precise prediction of financial outcomes has emerged as a pivotal element
in organizational triumph. Projecting crucial financial indicators, such as net profit and operating cash flows, equips businesses with
the insight needed to make well-informed choices regarding investment strategies, resource distribution, and comprehensive financial
strategizing. The capacity to anticipate future financial performance enables organizations to streamline operations and mitigate risks.
Consequently, there is an escalating need for effective forecasting models.

This study had two primary objectives: firstly, assessing the predictive capability of accrual and cash variables for forecasting profit
and future cash flows and secondly, comparing the efficacy of statistical models and machine-learning models in predicting net profit
and operating cash flows. Statistical models seek to scrutinize historical data patterns and underlying relationships to anticipate future
financial outcomes. Conversely, machine-learning models have emerged as a potent alternative, employing advanced computational
techniques to glean insights from data and make predictions without explicit programming. This research was guided by four
hypotheses:

First hypothesis: The predictive capability of accrual variables for future net profit significantly exceeds that of cash variables.
Second hypothesis: The predictive capacity of accrual variables for future operational cash flow significantly surpasses that of cash
variables.

Third hypothesis: Machine-learning models outperform statistical models significantly in predicting net profit.
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Fourth hypothesis: Machine-learning models outperform statistical models significantly in predicting operational cash flows.

Materials & Methods

This study utilized the Bourseview software database, Rahavard Novin, and the Codal website for analyzing and drawing conclusions
regarding the hypotheses. Additionally, data-mining software, such as Weka, SPM, RapidMiner, SPSS Modeler, and Eurega, were
employed for modeling, while Stata econometric and statistical software was used for the VVuong test, EViews for descriptive statistics,
SPSS for mean comparison test, and Excel for data sorting and categorization. Following the application of these specified tools, 184
companies listed on the Tehran Stock Exchange (TSE) were examined. Initially, the study investigated the ability to explain each
category of cash and accrual variables for net profit and future operating cash flow through special regression estimation of panel data
and the Vuong test. Subsequently, the superior model was utilized for modeling and the average performance of the machine-learning
models was compared with that of statistical models.

Findings

The significance of Vuong statistic in predicting net profit at a 1% significance level suggested a notable difference in the explanatory
power of the two models with the model of accrual variables demonstrating higher explanatory power than that of the cash flow
statement variables. Conversely, the non-significance of the Vuong statistic at the 5% significance level for predicting operational cash
flow indicated no significant difference in the explanatory power of the two models. The performance results of both statistical and
machine-learning models indicated that the symbolic regression classifier, utilizing the genetic algorithm to predict net profit, exhibited
the best overall performance and provided valuable results in the longitudinal test sample. Following symbolic regression, the linear
support vector machine and MARS ranked second and third, respectively, in overall performance. Similarly, the symbolic regression
classifier, employing the genetic algorithm to predict operating cash flow, demonstrated the best overall performance in the longitudinal
test samples. After symbolic regression, the deep learning classifier and MARS ranked second and third, respectively, in overall
performance.

Discussion & Conclusions

In accordance with testing of the first and second hypotheses of the research, which posited that accrual variables have a greater
explanatory capacity for net profit and future operating cash flow compared to cash variables, the coefficients of determination of the
models were compared after estimating the appropriate panel data approach. The investigation results indicated that accrual variables
indeed possessed greater explanatory power for net profit, thus providing no grounds for rejecting the first hypothesis of the study.
However, in the case of operating cash flow, while the explanatory value of accrual variables surpassed that of cash variables, there
was no statistically significant difference in the explanation between accrual and cash variables. Consequently, the second hypothesis
of the research was rejected. In accordance with testing of the third and fourth hypotheses of the current study, which posited that
machine-learning models outperform statistical models in predicting net profit and operating cash flow, the AUC criterion was derived
through the implementation of both statistical and machine-learning models. By comparing the success rates of the statistical and
machine-learning models, it was observed that the machine-learning models significantly outperformed statistical models in predicting
net profit and operational cash flow. Therefore, there was no basis for rejecting the third and fourth hypotheses of the study.



e ol 5 olls e
VE-DY o VF Y Skl c(F)) (gl o5l cp 33 o5l oasSl Il

VEXVAY iy gyt VBN 3 s b

e R
GG 3 g e 3w Jhe OS5 pdle (6 555L 5 55l sladde 1S Al

Shles A8 L &

2l Sl
‘J'//.f/ﬁewjj/ (‘ijj/ a[.f.:.;/) (L_",‘:r/,:f.»l.aj dozzs/ o LS ‘Lﬁ'/b L_';ﬂ/.f./l.d M_}/wu‘)[j
st_s.mirzaei@urmia.ac.ir
okl s
U//':'/“E«"’_}J/ :4:‘.4_})/ 0L<.:.;/) 4&.’;:!/.:’./(.4_} .JL.&"J/ smb ;&J/J.’Lw;- ajj_(:jé.}k.ﬂ/
a.ashtab@urmia.ac.ir
S, 8ol »S)
I o gyl o g 4 oS3 oo ko g L] 5SSl (g ylblo= 05,5 ¢ Lolew]
a.zavarirezaei@urmia.ac.ir

oS>

Slostize | b Slhes 4B 0L, 5 35w w5 @bl adie 5 i b (6,850 ladde 3 Shas dylis i b= Eass 3 idus
.w\eﬁw)ﬂéﬁjév\@ksuﬁi;ﬂw}w
u;_d:}}r_ éJUTQMb- ))ﬁl@d&;mﬂ wl.:ﬁ)é)l..ud.z\» Auﬁbﬁja:\: 48 gasms U’:"‘T'J§ R.l:-fu AJU,ZJ:)}J.»L...ZJL)) Id::j)
sl 0l ey g VE YN Sles a5l b oS LAY glaesls 5 Ol lslg Byl L slasS E ol
5 oAl s Gt Sl B Gla it 4 Sl (SRR e Ol (S Sl ke oS 35 OF BsOLES e ol i Hlaaly
Shles 8 0L 2 5 ol e wie o5 @bl s mdle (8L gladie 5 Shas dunslis copl ot yls ST Slles A& 0L >
(s bl Sadde 5 psled Oge S5 mdle (6,850 sladde s 5 555 (5 i SUlS ssian San s Sy, aS 5p Ol saasolis JTT
5 ke il (6,850 ladde (Sle | sba gﬁ\ésﬁofémww b e 1l Dl 55 S 3,5es Sl s e
s o &l pile (5,800 sladds & L;M:Jﬁ*p}:&d)m&udw‘:)\: éjuTL;LaJJa@wéjzif
oreile (6,850 (sduaids (slSesls (Al 5 s e Slhes A8 0L 2 e i el gadS
4o dle
L;':,QJ;':: O | 0 JJ./L.; QLA)LM: ;,.J.ejﬂ L Lﬁ:’.h} ‘-;LALG “ L;La GLU L}:.éh L;‘:Jk):"ﬁ cé)j)ﬂ‘ L;‘JG) )L\......J 6)55 )‘J.’(V...:,.a- L
5505 ST Slaa—a U das o oyl S scuS 4 JSllee & slall > 5 2l ss o aile S Jbe (sla jlas

o3l La;)l.a)'l.w@vﬁ Sbs Sas so i ol s 3l IS Jb éﬂ)uuﬁ,@uﬂ,&;‘@lﬁquﬂ slag sl

Jostns b o 38
NE-OF (D11 ¢ o ol 5 2 lols S o GUlas (485 GO > 5 L)l

. @I0ISIC)
2383-1189 © University of Isfahan EY NC ND

This is an open access article under the BY-NC-ND/4.0/ License (https://creativecommons.org/licenses/by-nc-nd/4.0/).

d http://dx.doi.org/10.22108/AMF.2023.136720.1784


https://creativecommons.org/licenses/by-nc-nd/4.0/
http://dx.doi.org/10.22108/AMF.2023.136720.1784
mailto:st_s.mirzaei@urmia.ac.ir
mailto:a.ashtab@urmia.ac.ir
mailto:a.zavarirezaei@urmia.ac.ir
https://www.orcid.org/0000-0002-7339-2100

VELY Ol (F1) gy o5loh cpp oylod ol Jlo e Jlo i 5 gl Sy o o8

Sl Glokalsd (LBl amps S esliul wdsen |y o 3 5 s LS LSy S g ) Ollee U das o
Parlina & ) Jas e &1, & Sbslajale ol gl 1y gslazel BB 5 535 sl pw iy oS 3513 3525 LS s i slad e
.(Budianto, 2021

Sl s Jdoi g 25 53 5 50 e el ST s 5 U 0L 2 i Slr ote o 5 ol 25 s (51
Oz etal., 2021) &S s Colom ST bz sw wi e ssbhiea (b 35w 48 0Lz 5 e Sl o 3l 1 b
(Sharawi, 2021) 3,138 o U edisl 53 &S5 5 Shoe 1 53 8 o Con | B SOk > 5 (sen oD Jals 55 eS|
ol Wl pl besls (S (s gl ine Go b 5l 3 Shes 0 GV 5b Se gl Jbo o e o ¢ e sbas
Jyane b oddawlos oo min ol gdend Glblr gla S5y a5 tna bl VST 51 e b paze JSC2 ]
Shdds i 5o A8 Gl > Sy g0 a5 Sl b= 3 nl 555l S 5 0L s s Dose 5 Jb Cunsy Do ki
S b s s e &l Ol s b 3 st Lz Jb can sy oo la e das e L1 s e o g 20
Sl Sl b Slles ml OL5 535w Sose el pglhe (Slos s (5l o lad BadOLLS AT 02y O ) 5o
o LS s Ll | S ale 5 Jlo el GlacJlad 51 5L oS 1 b 53 e Dl iS b LS o 31
el el 8 5 S gl 1 Olosle Ulg OL5 5 35w 5 Sl Camdy S 0 o 3Ll Lol 811 L A& 055 0L >
(Barua & Saha, 2015) &S e |aSS Sligas otls 5 Jle

el e 5 LT, e Sl S Olgea gdgmd 5 g 0L gl e 51 IS Lled &1 R ol Jsl Gua
S8 0L 5 b Gl p s 5 ele Sl San (6dl a0l > s 5 Sl e e Sl (gl g 4 S
o Jisa (sl A e 53 rnss opl sy opl 5l sl sdis sy ST A 0L > 5 35w ololid 3 BT LULg (sl o]
P g it GRasn el ool Hsba el GTAB DL 5 3 gl 6B 5 e (sla piie Smsms 5 IS
213 ke (Stasped 5 oUl5 a5 S o s A 5 S Sl e S| Glaesazen L) S SUas 18 0L > 5

e b 685l 5 ol sladie iles sl s 4 g S Sl a3 S 53 it SOl Je 503 s
Sl lo e ulal p ladis ol 3 s e eslizal baosls o i s w3 wlal (g1l Olseas &5 Conlacsds (b6l slade
Gilwdde 5 o3 slags o D S5 llowr diile o 5leslinul bbby slagn, S 5 ol S 5 i
sl o S Sl glaesls o S oy » L bl (slad s i ((Monahan, 2018) cul ol antlw e wsl sl
(Martins, 2022) .l sl Jls 2 lr ot sl sl bl sla ol s

G5l (6l g Sl o Glag 5l 5558 o el La3 8 5 Kl Olgisa ndle (6,850 gladde (s o
Lle o le (5,850 glann ;SJ1 .(Petropoulos et al., 2020) LS o s3lii sl o o 540l 2 O3 i 5 Laesls |
loosls i game S e 3 1 (6 SKadir oL Olaiy Sl sla il 6f§{"“"—*"’ Sl s e S
sodoms Gl S lwld o o b Lals, 5 8 53 adue ol (Ashtab et al., 2017) <l osls 0L 3L sbal b 5 oo
035 sl s iy dals Sl gladle 5o il 6800 555 Aol (5 0 i b= s laesls Sl b ol
.(Dastile etal., 2020) coul ol s Jlo 5 gol o3| Ciliies (glaos g 5 O 50,8 (il bl w0 oS

Sy i Sl ag Jmely i b 6, SeL b bl sladde 0 S s oS i | ol 3 gk n o Jlae oS SIS U5
o Gplete glacus gt 5 Llse 55 05 1) 555 llse B9y 93 8 a8 Jb= 53 Saas e &l Sllee A8 L > 5 Ll
ol p il 5 s Ol 5 bl & e |y oSome sl (obel Sladie s ) E3a L 4SS e 4l

LS o 4SS el 3 (bl slac 4 el e (sl 5 Al 5L baesls 5l e Sl b CLEl LTS



ov OLen 5 ol e Sl @Wéﬁébagﬁjﬁl;:y@h):4;:@.JJ.»gl&.:dl;gx&bsj:f:lijsijLgudJﬁ&blfi.ﬁ&»

ke (8 S e 5 Aol bl gl Laesls & Oslsa 3t b o Lo (6,850 (sladde « Llis 5 .(Mullainathan & Spiess, 2017)
500 pled S s Caad 5 DB 51 a8 (g pdillanil ol ol ol b kS o &1 (6 pdullasil 5 c3s il Ll
3 s i Sladis Ol gy BN ls oS Slodiay s 3, Sas 5 oz (olone s 41 (i dle (5 S5k sladie |5
(Anand et al., 2019) Xz o a5 S L

SOl 5 oAl 3 g it 3 et b 6 S3L 5 bl sladie LIS Sl pge (Hlr ) Sla s cnl G
sowlgl @ bge cin s 5 o8 bli sl i Bl Bde oS, 53 opl L N E A ES PG [ W PN =
& Odew 5 8l At band 13 SlalalST Glac bl Jle o iy (6 4 Jbo sl oKa b S o 536 1, QS a5
i Sadie Sl O gel o ool leaiS @ Wlis ol oD sba ol sl 4 S L5 5 AUC L5l Jles cida oyl
Sl 5 oAl s s e 03 i b (5L 5 bl Gladde LIS s b A o S b iy S o e
GoS el slpps¥ (R L OIS ass s Slamasms 5 3pd  Joe ok o SIKE oS cn | opl G (Jlles s
L yd e Jde Ozl 5L ST

b adauly 55 adde ol 058G el ol ol (5Ll 5 pdle 6,83k sadde Gujb 5l i 4 ST 42308 Gl ia s s
OF sasOlas cpdin o iasn B om0 e e 0t aslie UG b Jlles 48 0Lz 5 el s i
S CH}AMM[} Sl s ol os &S ol s Fash o s ladde 31 (63 sdee sluad &S
2> G 5 shgns gla e Ol ol tags 3 cnl pesdle et eslinal (ptle (6550 5 5lel sladie Sl (s Sl
B gas 3 B oS ki slagiagn OGNS S 035538 Gln g odd (e s p ST Slhes AB DLz 5 Gl 2 it
S ool (el ol eslital Wadie s 2 55 55 Jsb iolesl ©sed 5l Sras cnl D3 el ol ealizad aads 2olesl
(bl gladia 5 (6l S duail s Gk Sl ool 685l 5 s bl b sanS guadd YO Sl esliul b sl

&”M‘b)}w)fb&?é@q&é@dlﬂﬁ})yww

s H Sl
33 .:ﬁfle.SQKu Js33, 90 a5 5 S ) 5 31 A3 (i a5 Ol gn LS oS ol Ol Q%S%ﬁnuﬁj\é:y 850
ol>los dj,bﬁjx.éjj\;y»:cﬂgﬂdjjca\zjlé&sq{f.?‘cmla,\:« Sl 35w 51 058U a8 dle i)l Ol
53 i 1S T s a3 Sl w3y e 3 e (sl b (salal s S0 slalls palls 3 i L plem
«wwm&ﬁcu 235 5 e Lllo b 5 (Sl 51 AU Sk e (Jbi S b el Ollo Gsi-
(Curtis etal., 2021)

ditns (S5 S | ub o sghe A8 ax s &S S 0 Caw | 815l e sghe 35w 8315 a5 S | 5L opl 2 (2020)' 55 VU
ol o8 a Sl Gl Jolss eipn S A8 a5 Sl oo g 4 55550 3l 50 sl ol gslasl Ko el el oS ol
J',:.}l):jﬁ-é.xi_}LgLa)'L:}L-).:AL"QKALQ:,ﬁ)ﬂ:)_Mﬂe)WASMJ‘j»u\:l:)}-Q:Jl&éQL;LLAC,SJ_J«L@;S.JJJ‘: ol
2l e g S Sl J sl il Sl s Slesess el gl oKl Kudh Cars s a5 L sl
>H&J_~m“)>a.ltﬁ.c&i..3)\)\)&&)/\.21&3;;;;);_}5?.&()};)&»\6&3 SLOL > Oy Lol cS o Ol |y Oledlbl

1. Nallareddy



VELY Ol (F1) gy o5loh cpp oylod ol Jlo e Jlo i 5 gl Sy o oA

S 6 ik DASLL sk pYB1 Sl Sy ebal s sding Jb Glas o 8 Sl l (oMb 3 il Jool S
3345 sbilen S e et G SLOL 5l it 1 3 St p301 45 Cl ) OF i S 315 S ol &
Sl 4Bl 3 (SAB SOk o oS iz o s | e ) 5k w16 sl ] ool e el Oy a1 ol
(Bloss il oS 5 s Shes Gl Cude 5 O g sk (Sobme Lol 53 o Sol oS s Gl 5 guOle) SOISCE
o S ST Slles B S0l 2 (5l g SAS i ey 25 4 iy o S ol 4 o (s 51 sla s
Ol (1978) Jbo s5lbile > slas,lbibi | i 3,158 Slusl (Ball & Nikolaev, 2020) ¢ | Jb Sllas i sbaol >
@ gheaidle & LBl gl (i g0l bl gl OF U1y 5 oS 3 T i Glaol > 4 ol )8 Ble 1S uS s
bs e Sl 5l lodas i (28 0 Al S0k 2 5l ais SLIBI B 550 o e &S0 55 0 by e DS
Al o 3 0 G L0k o e g I (s PS03 e S b B0l ey 8355 o ool 35 L g L0 o 4
5Lyl e slad b ggas pOBI oS s ol s sl (5 2ty Coalad oo OF (il 5 jor S 41 3 g (S5 230 S b
NQUYEN & ) sl 5 s 350 GBS ¢ 45 )30 53 g po 3l (o5 05 3 sdd 55 B sWOL 2 5D b janass
Gl S5 plw 4 Cod e OBl CodS 05 (A4S S S5 b ety 55 3 gla tass 4 4x 5 L .(Nguyen, 2020
(S O .(Khodamipour et al., 2013) c—ul je—uls A& ol o« by o SMbl Ssy sl Gl 55— &S
84S o Sixtn LT S gn sl alols (S48 Ol 5 350 (g & ol 3 o Jold &5 ol Jlo (6 K158 i e iy
A S 5 (A Sy e Gl 5 ol > (OIS Gl s A5 s b el (S0 Slesenad | a5 b
s dial 53 (5 208 5 g NS o B8 (6t (e PO S S0 gl OLaST 5 L IS0 g3 5 a8 ol el b o e
A e e OB oS 35 B e D lax nl b Al S ST (5osln e 5 (g D) e gl Sl Ll
Sl = 55 Pl 51 e 5 b 5 Jb glac 5o Jdosisa 2 (2S00 SL50) Sl dosls (628 plss (A8 sla0L
Ll 5SS S S5 e b e g U LTSS n o3lital 5 o Cu ke (51 (sgas pO 51 oS 5 LT Lol g
31OL Gdsl (iend Ol ks el Sl o) b 5 55 Tas oo OLL 35 C0dS S5Lps ) SLdbI L cnl 05 5 (gslaBl
5 G Al 3 1,08 (6 S o3Il sllas 4 Jle (6 K318 53 iy o 5 ot aS il oJsl (Sloan, 1996) ws Oly O skl (6 e
Lo Joans glaaspn el o33l RS s w5 ol (S wle i U (S5 BLII (sgns o9l cp 53 0355 o e 5 5
&Agxs (3l (Christensen et al., 2022) LS o i |5 S ST osls s (gl 3 (St b g 18wl b
Laesles Consd il 3l ois ol L3 S8 o it Ly 5508 (Say Uas 5w 5 ol Lo o 35w il s LIS ol i U i
s o EalS 1y ST glasy ol o 558 4 (639 g0 45 Sloy bl tdas oo 2l 33l 1) S 5 (6593 g0 5 g5 (glaan 5o
13 0350 oo e Lo e 53 0S0ls 556 OF Jling 5 (25,8 53 o 5 35m S Sl @ LolE 01580 ol o sdle
Lo 6ol 3 gm b St sbay (s oD 4 s il S a3l s el Jald b w0 ) (sosli s 5 ez b,
A5 ST s 4 ke 31 ol sl e by 5 )ls i DL (e glas s L calaily cpl J S L Ll el
(Lewellen & Resutek, 2019) ol &S & J guams slasl5h 53 Ol oid a4 550 5 Jhg )b
(FASB, 1978) Jlu (5 lilcm slas il ol s o pgde oyl b LTS 1 Ul 1] (2020)) V5 5 L
Al Slles & Aol > 555 4 ol uﬂ Slbes A& slaol > 55053 (5 e Sledlbl gugas C‘)B\J.g e sas s
Sy aS Ldowy amet ol s 9 L5 S o) 22019 51999 JLu 5l ks Hlsles Blosl s s 55 eddatd J s slacsS 5y cdas o

Dyh s el ) Dosen S s s ol Gbas B bl Gl AS e Jee Sllee U8 Gla0k Sl

1. Ball & Nikolaev



04 OLen 5 ol e Sl @Wéﬁéuagﬁjﬁl;:y@ﬁh):4:.:44.JJ.»gl&.:dl;g}:&bs;:lijsijLgudb&blfi.ﬁuﬁ

el (i (gla e 3l s (obale [ gba ST el 3w gl sdens gla uine SLasps s Ul sl s
el (i gl e 1 jri (olsbes sbar ST SUes a8 0L > gl gde sla uine Skasps g Ul e s Ao
5tz bl Lk e bde ol cal o3 8 s Wosls i i 5 o sloKan Olgsas 5L 5l bl glad e
LS o osliiul R sl s b it o Jalss 3 sl ey Slas e 5 O S5 kol Sl sl slag )
Laasls 3,055 3 Sl 3 5 (513 oS 5 bl i) (6 pdh o abasr 3l o cptizn ()T sladole (Chatfield, 2020)
Catl 5038 Syn 1y lapaze 56 B das s o3l Olaasiis 4 (gl sladie (¢ pdy i (Barbozaet al., 2017) das s 41|
A Jlo laosls bl gla ol s $5L3 a3 35l Sla i 5 XS o g | (68 el S U551, el ol —o
slazel B la i A5 (gl (g% 8313 blis & el (goll sladie ol o5 .(Montgomery et al., 2019) as

(Ahn etal,, 2020) &S o lis 35050 (slaosls 3350 o zews 53 b ola gl gl 1 6T 5 5505 5L

L W pxte w03 ot el lade ) s 4 8 o )3 b oS s ol glacus siows ()bl gladite (Jl> ool b
il SLss 4 Ll .(Bishop & Nasrabadi, 2006) LS id5 sy s 8 Jals, 025 S (gl ol Saw 5 S o 5
Mills, ) 3L 4zl 555 Bl (slos b sloosls de gamms 53 Consl s oS diS 0 a5 ilily Slacan 5 03 5dbe 5 (D]
g A 3 S Gla st b i b e b glaesls w35 L agrlpe e 53 Sl o San golal (glade asmestiys 42019
b anily (K ol (gadaze (gla puite (g5l S VL sl b (gbaesls 4 gazes b sl Ko ()bl (gladibs cosdlens .S sl |
.(Gelman et al., 2020) 5,15 5L a3l 5w 50 3l (6,8 sl (6l e (ilwesls 5 pame 385 bl 4 Lol | 5

Ladde cpldas o 0 Jbe s i gl 1) Wesls 5 sie s pdioilanl (63,05, ol (6,550 sladde s (g g
S (6,80l sl an iy Sl s slacs 5l olaniy sl slapd b s ‘_;JSWS slacs s (s eSS ddas
oo b 655k glads (Raschka & Mirjalili, 2020) 1S o ealitw | m o Dl 5 5he 0 4SS Oy baesls Sl Jails La S
(Bengio !l esls Olas s b= s baesls Sealus b SUl 5 odzms o 18 Jalsy 00 S U1, olimal o ie glacdll
s (65 el 03 S5 ot Loy s uie o Jalsy a5 ola gl s LT (et al,, 2021

Gl e (6303 5lad L YL slal U (slacsls as gomms o e 3 el U cmile (6,850 sladae A5l slacs e 51 S
sl o s sl plaisl s S o slwl s 850 5 iba |y s e s S35 adds -l (Hastie et al., 2009)
aom 5l Laesls 5l alisa gl e—ible &S5k slads (Goodfellow et al., 2016) Luas o Godas Laesls 55 olo o5 e Sl
Chen ) 53l oo 1l BB Jbe o i cills 5l glos 28 cab gl 1, Ll 5 S o o i 1) e 5 (gl 5ie (g3e (slaesls
e 33 3 e (Sl s 5 (St LSl a8 gazee slacd I il 6,850 sladde (ol oDl (& Guestrin, 2016
.(Breiman, 1996) .S o eslatul sdate sladde gla x5 > .S 5 L

3 @lo oS Clgl ol nr Canle (SIS sla SIS 51 (G i SHlr O 3l (5,830 sladie J- b
eile Sk sladde (bl sladde M, (Murdoch et al., 2019) 555 o Jibe ool (Sla il S5 5 (6§ omn
Caruana ) LS o lyd3 1) ot sl pw e ol 5 S5S e 2 U TGP P P-JON CNY - PR W E
sl s aS Jb el aile glse) = 55 0% sa kS e sbwl SIS 5 S5l gl JLSS g pdy ks ede 0! (et al., 2015
Sl e mlis 4 03,85 Sl bws 551 ik bo (6830 slade wosdleas (Rudin, 2019) o | g Sy (2555 b
3o e bo 208 3 pdme Sl e (S bBL pladase b S50 it slaasl sl 1 el 5 500 51 e 55 G
.(Huang etal., 2017)



VY Ol (1) ol o)led cps3 o)led conail Jlu ¢ Jlo ol s ahls Sy e &

Blysl Grog oo eddat pdy S 1o Slas U s Ob o o i Olge b piags b (2022) O1)\SKas 5 osl3eer
S 3L 3 CART SPLSVM oy me in 5 S5, b1 Sllee A& 0L o e ile 6,550 (i, 5leslical L ol g lsle
ot 0> @5 @UlE Sl st 5 15050 e a5 s a5 Hials DL 5 L5 S s TRV BT
G313 s i oo iy e VY56 (2020) 503300 5 o5l i 3,503 Ol lsle Bl pyg slacs 3 Kuai
ol 53 3l eslinal oS 3 Ol saasOlis anslis R LS s 06 Shle Blosl s b 5 sdba py slacs
Lol Sls adle 51 5683 o3 AV/FO C3s U as 403 Jie s 5 3,13 1) s S 0p i oo 55 AT/OF 33 LCB
i 5 Ghoad 2 L S a5l s (2017) a3y 5 500l g 305 1S last 5 | ol Ao 3 SAND S35
Sl p Fie Sl ite 5 (glad = ol a2 C5 s S 3 Sleslinal b g dd hs ad 5 e 4 oS 5 s S
3 il Dbl Bpim a3 g aabls ISy (25 daabls JS 4 (alll s e Jald pize A oS s esls Ol 5 pluls
sbagbb 5w laan IS (alls s 4 pallt 5w plew Olmlo G a0 i 0L3 5 2 5m ol 8 4 Slles
ol 4 g5 A b pine ol Sl esliza | b gt ps 3,08 o b eS8 sl s nlaabls S @ ol slaalls
Ao 53 P B OV giuaib Ssa (2019) 0L, Ka 5 LT . [ s S5 AVEA 5 AMNO ASFE L ol S Lol s 5 0
gy b S glaggsl 53 guail <33 oS sl s Lol il s olas o8 ds p3 00 b sl 53 (55515 50 (slasline (51
Sl O g S5 5 i e S E 55 4 Gl S i 5,5 as edle (6,850 sla g, a8 Lsls Olas 5 ol OLLSS
Sl i 2 L ol Sk sladie 3LT 05 s lie 5 (6 OGL melr ) sbay (2020)701San 5 s S e e
5233 53 T Jhas St 0 g S5 ile 3 i (Ol sladde b aglie 3 o8 disls OLES 5 K38 obiil (55m) &S 2
ORI ol 5 pa el R Mt 5 B Sle g g bl il s ol Ch iy 4 e S e
Byder Ol ) A

el 2l gobsbae Hsbas (Rl s oo A s bl sl & s cile (6,850 sladde s Sles o 45,

it Soblae ssbar Slhes a8 0L it 3 Ol Gladie & ol sile S5k slade s Shes o ler 4 b

s

TRIF P90
w by gbesls Sl ssros ol Rle 5 S SL Sl e 3 o smart 53 S emd 5 bl o Gl s ol 02
5 SNl ize () 5 OL3 5 3 5m Do 5 Il Condy Do slaesls S ip g 355les i egms Ol g sla ine
SPM (Weka (s 5iSsals (sl lsdlp 3 51 el s sslizal Glalgr Glosl 0120 Slasgdbl cule) JUS culur 515 g 5o a3l
&l 2 EViwes « Sy 05051 (g Stata g bl 5 _avwslazil sl 5 5 s3lede ) Eurega SPSS Modeler (Rapidminer
el o bzl EXCel 1 Laosls (gdoanws 5 (giles o gl 2 5 b nSKls fwlis 05030 (g 2 SPSS (o 55 5ol

Lol oS 55 o bals 1 VFe e BTN Jles 530 5o 01, Jlsle Blosl s s 55 eddas pd glacS 2 S (g bl dnsl
S i Sl Soglite Caale el cpl cle (s ls Jbe g Salanls b (g 108wl po glaS 15 05 8 55 &S 5 1yl 1, )
Eelbaagls (ol b oodinS Jlo glaosls &5 placs i |5 casib Slasl oo e 5,53 gl OF Jbe ledbl so il | S
G5l 5 Sl @l ad b ad 16 Jb o ons Jrass e 5555 dsb 5o 058 oo baatly 53 o 530 b (65 5

w‘ug.q.a‘.).&b J»)j;‘)sﬂts&udsjé l)'l) ‘.lmbwl.})jﬁa>— uﬂ)ﬁ))&.ﬁj}:#.h;)j: d_}l’)-"-x-‘s@&"swﬁj}i

1. Anand et al
2, Xinyue et al



29 OLen 5 ol e Sl @Wéﬁébagﬁjﬁl;:y@h):4;:@.JJ.»gl&.:dl;gx&bsj:f:lijsijLgudJﬁ&blfi.ﬁ&»

AL AL Il 2 VYT 4 g iS5 Jlobys 5 wdlh ple algw S 2 ale o o K518 Sl 5 cdlis
S 0L Sl Gl e SS LS VAY S glacys sdme Jlasl 5 g 355 2 (g)ld slaast
o pie don .o hodd Ols (V) Jsdr 5o s e Sllae iy a8 aS G | odd oslita | (GA& 5 (gdgad e 04 slaesls
AL 3 (gl e 5 B (Sl e 3l s b e U5l il e e Jle gl oLl s s
Slr 5 e s 5 00t oy 2 S55 03051 5 2 gbG Sloosls (ol O g S5 pass Go b 3l ST lhes 4B 0L >
Jle ¥V s b b a ST s cpl g esleiulsyge s i sladde oul a1 3 eslals )y ge (g3l s
G S5 G | Dbl s dazb gladde o Saln 13500 5 o 55 5518 5 sasOli s o b iass ol el Ol
5t Bl 3l die Sl s3sis Ul Ul sl gl sl 53 6 315 3 s lesle Sl 4t sladite id
ol g Glanl 5 005 o o8 J 25 6l S a8 S 18 aladie cib by 5o o)l Leesls assazes > Glaal
3573 IS 5 b ladde b Kos G 3 550 03 S Sy el S g S ad il i 6 g llan]
S0 o 1) as Sisled esls ds sama 3 1) s o OBalad 5 Ll des a5 Sl el oL (Glo st 4 45 500
35 Ol geas Waesls 5l s j3 Ve e Slael 5 (g3l Jde (gl (WS an 0 (2009) OIS0 5 e d 4 2 ddllae 5 O,

ol odi as S L s Ealesl esls Ol e Waesls 3o ys Yo 5 55 sl

SR Sl piie u;w s (V) Jgd
Table (1) Operational definitions of research variables

Sl 2l
(2015) Lew 5 15,0 - X1 ol cos
Solr AL
ol sy =V (6555 5
(2015) e 5 155t X2 5 s o
Solr AL
SR
(2015) Lé.w 9 ‘JJL{ r L}s XS L‘&;.U‘: gf:d;
Al
bats J5
(2015) Lew 5 15,0 —_— X4 oLls IS 4 ad cas
L bl IS
CJL:.H.A EXE )‘ J.ﬁ S g
(2015) e 5 1550 X5 ol il gy o
Sodeoli 58 Al + 6 g &5
Al 55
(2015) Lew 5 15,0 —_— X6 sy assl
S
Al 35
(2015) Lew 5 15,0 _ X7 el 0Ll 55 3351,
plew bl Gsam
Sy
(2015) Lew 5 15,L X8 ol S 5 4 ale w330

Sdekls gl ads + plew Ll O 5

b“d).;\g‘\ilﬁﬁ Gl .
(2015) Lew 5 15,L X9 Jlo sl Uy o syl e (gl e s sl e
Sl el b S
(2012) S 5 K S e = el s Bl ol s X10 L2t 5 Al




VY Ol (1) ol o)led cps3 o)led conail Jlu ¢ Jlo ol s ahls Sy e Al
f Shles i i

2012) SKen 5 Ko
2010) o1, Kes 5 5551
2010) o1, Kes 5 5551
(2010) o1, Kan 5 55,1
(2017) LL 5 & 4
(2017) LiL K5
35805 9 A S
(2014)

358059 A e

(2014)

3P G089 A S
(2014)

Jeslosl 5 (5 ol
(2014)

(2017) LiL (K4
2019) Sy 5
017) L K5
2021) o1, Kan 5 33l
(2021) o1, Kes 5 55
(2021) &1,\Sans 55l
2021) o1, Kan s 550
2021) o, Kan 5 34l
2021) o1, Kan 5 35l

2013) Seys 58

(2015) Lew 5 15,0

(2015) Lew 5 15,0

(2015) e 5 155t

(2015) e 5 15,k

(2015) e 5 15,k

(2015) e 5 155k

P Skl = a5 S (e ses dps Dl kS
sl Al LB 0L 5 35 oy 548 DU & 5e
Ll Al BB 0L 535 oy 5l aS e By e
el il BB 0L 5 5 g 3l oS el e
sl le;:.ﬂlb}{ts 0L 5 25w Dm0 3l S llipled sl

Ll Fal BB OS5 55 s 50 Sl aST 555

(Cdodids + Soasli 55) Loy IS O s
e Olmlo Gsim 5o Dl — 4ol o5 53 Dl S
ol bl — ol A

B e 0851 43 Galls s+ SO

SVl + 2l 54w

ulel;JS— ol 2bls = Ak 8 Cdedily Ol
Stlee ol ol = Sllee gl o

SRR AP

ol sla alls SHel

oA 5 g = Sllas A 0L~

Bl gl Ol s

s slaoles ol oss

VS (633 g0 Sl s

le-._—_,l_;uw) Coge 3 L3 e 3 g

Syhs

Ql:jlﬂjeﬁj‘g}é}y
Sl

el il W L5 5 3 g g 18 allt 3

Shkes UE 4

Sdaol S Al

Sy Jbag e+ Slles A& as g

S e 3 g+ (Sl A+ L;;'-\:J.;L;an\;.l}a

X1 s 5 ols) o poe Slanusa
x12 Uk

X13 o, &u3n

X14 il s sl

x15 sddeled slgs

X16 54

x17 A Ol oS

X18 plew slizl

X19 55 5y ale e alls

X20 S3gl BLoley o3laIG 8 30151 J3 s 5 5

X21 Sl o deay alls sy
X22 Sdedils g |

X23 Sllee 35 53 ale
X24 Sl > 5

X25 3 et sla ol )ls SHlgnal
X26 IS (sagss N

X27 b3 gl &l ks
X28 s,y slaclas ol s

X29 NS (63 52 30 D s

x30 S e 5 g

X31 ool sl plyls le)f

x32 CU C&\:ﬂ)b

X33 Al i s Cand

x34 o g u&iﬁw
X35 el 55w

x36 QM@U)SQ;&.X{A.}.LSJA)Q-)WJ

X37 oS 5 Gl slajl Shdg o




Iy OLen 5 ol e Sl

Stles (S4B SLa0b o 5 Al 3 g i 53 4 e Ol 5 nble (6,8 3L 5 LT sladie (o118 s e

<

Sihes s 0

Pre)

(2015) Lew 5 1500

(2015) Lew 5 1500

(2015) Lew 5 1550

(2015) Lew 5 1500

(2015) Lew 5 1550

(2015) Lew 5 1500

(2015) Lew 5 1550

(2015) Lew 5 15,0

(2015) Lew 5 15,0

(2010) O, San 5 55,1

(2010) O, San 5 55,1

(2010) o1, Kan 5 55,1

(2010) O, San 5 55,1
(2008) s 5 Sox

(2008) s 5 Sox

(2021) oy st

(2021) oo st

(2021) oo st

(2021) oy 5

(2015) e 5 155t

Shles AL
ool alls

Slles A& 0L 2

e S S & dle
ks A8 0L
Sdaol S Al
Shles Az 0L 2

Soee ol 3 g+ ady Sy 4 Il &
Slbes A8 0L~
SR
Slkes A8 0L >
plew Ol Gsim

Slbes A8 0L~

O Ollo plew + e iy Ak
R
Shles A8 0L 2
CNIE o o gl s i
S el b IS

JﬁjaﬂjbgﬁQJHj‘ﬁou@lﬂjaMA}_w

e gl 5
Gaas ol o Sy i b Sl s b K
e ] 5
Al B 648 S0k s 51 S s by

ol
GOl s SIS s, e s bl
ROW PP MRE
o Bl gl s s
Sler = Y5 o5 se Dl pis = ol Sl Sl
w5 VS sasels
S GOk e 3l S Sldas Sl Lol (A8 0L
el Al 6
g 3148 Il e slac Il 5 Lol (50 0L 2
el L3 B B saol >
GLOb = s 58S b el 5l ol i 0L >
ROWIIP 1 JEXM Y RCQPERT
Shles B 4z — Glale ozl Gl

o S

Slkes 18 0L >

x38 C,Q.U‘;qu.,\i}eﬁjw

X39 suzes IS Gl o o

X40 a4 4D 4y o

XAL S8 (5 B iy

XA2 sy AB 4y o

X43 ol Ol B3 4 A 4y S

XA4 soia § S s hle ju a4 B ay S

XAS oS 3 g Sl

X46 Jlo el Uy o sl eddis, 108wl o Gila

XAT 8L 55 capds 5 gos

X48 A& =5 o e

X49 i 5L 5 e

X50 gus o=ls, UL
XL s iy b

x52 LgJ.:L: SMrL«S LSLG-’

X53 slles 43 Ol o

x54 ngl_lf«_:uﬁ.xﬁ oL >

X55 Jbo el A& 0L
X56 5151 & Ob

X576JLJa,yJuﬁw‘_ 3




VELY Ol (F1) gy o5loh cpp oylod ol Jlo e Jlo i 5 gl Sy o i

& s s -
U wliﬁ)b
(2015) Lew 5 15,4 67 X58 & fb s sk
(2015) e 5 50 T X9 (53 s g L2y o
J&\bﬂ o g

St ke O g S i oo 3 e s S5 w801 S Cid (95 Shas O g S5 Jo S el O S
Sle il e e b5 Shas (e LS o 513 5 Waesls Als sla Sy wlad o 1) Jals, S8555 5 ba Kb, duadils
oSG & il psles O S5 e S o oS |y S S5 Je o bt b 5 b zalil g I aasl, ool Oslaolzs
Rl LS 1 e 5l e b el g 5185550 5 gbay 5 s IS5 1) e sl b S e bl 1 age Jolse oS ol (513
St Je G a1y Jele pa g B S o S 01 S gn 3 S0 cnl ol (S5 Sl ool elad 4
(Liu & Zhang, 2022) <l Coaal saasOLES g 535 5 ol 3 Sl ¢ ol ge 3525 S0 &le

iU ISAUC jlas .ol ot o3l | AUC jlrs 51 i b (6,850 5 olel (gladde fylio o i s s o b Osa3l (6l
S sduaih slasbin T ales 35 Shes 51 S (55kas AUC S oo (5, Se3160 (1) B (ov) 5L ROC oo 35 (s 53
Slrs 5ol sl b o (6550 slapi Sl dylin 5 oL 6l Sl 3de SO golas Olyea AUC e o &1
(Ling etal., 2003) ol S50 55 (golel a5l ccpl 2 osdle ool C3s 4 o (6 e

5 4 2lis (AUC) oo 5 a3l oalize | L LaodiS gtivaids dos 50S o i 5 Shas OKan 5 55 b polas opl ol

.Jones et al., 2017) ol ol (5, Se3lll Job 5 adais (IS Oojsmns Slhas d8 0L 2 5 L@l 35w o i Sl o]

Lasl
(] 0l 6)\J§ASJLAJQQ\}9@J?§JLA@¢@UMSJ ol B Shhes A& 0L 2 5 Il s pw Gl paze (6l
wSJE:MALsLAﬁiJAJLSﬁLij})'\ wnsly o pate ol ol s ol ogu;.ﬂtw,:udﬁfﬂi&u{@éuﬁ,ﬂl)uﬁj

el ol SLIF) 5 (V) gadsd 55 oo s Sbl Sl A8l Jodr 55 s ceen 4t

SRR S o s Jdos (V) Jgdr
Table (2) Descriptive analysis of variables

o,lal Jlez| Sl sl Sais S WS At Sl Sl P e
LVARE] FV/YOR A7ARNY \VARR! Vg Y/0v4 AAK AVARR /00 x1
VAN fay/ vV # A\7A¥4% V/YYA +/YAD Y/¥AN +/00V VNS AVAY X2
VARE] YYO/VYO f/YVvV \V/YOY VAR Y/Y\Y VYY 2 /¥ V0N X3
VAN Yo/a0Y A\7ARAY AR /YW Y /ANP ARY +/OFY + /0% x4
LVARE] \FYY/ANY AR \/VYQ —+/+49 Y/\VEA +/AON /YN Wid%d x5
LVARE] \Y¥/08A Y/VAY ' /VYY —+/eAY V4 YAY ARAS AV X6
e FV/AQ4 YAYY  —aaYE Sy VYA JYE] Y V¥A X7
VARE] f2/¥\Y Y/YAY VARKN —v/V\A */AYO +/YOY ARN AR X8

1. Area under the ROC Curve



20 OLen 5 ol e Sl @Wéﬁéuakﬁjﬁ\;:y@h):4;:@.JJ.»gl&.:dl;gx&bsj:f:lijsijLgudJﬁ&blfi.ﬁ&»

o,lal Jlez| Sl bl Sas K woeS W Sl Ol P R
s VeSS0V oY VEYA v /e08 Y L/eqy Y a0 X9
s SV 00 Y/ VAYA —/YYY V/4T Y ARV JYE x10
s VEE/TY LA Y.L P VIR JYY EYO ATV oYY x11
s 00¥/08 ¥/ASA V/e4¥ e VALY v Y Yy x12
s A+ NAA YVYQ ARV e A0 A vy O x13
s AYIAS s VEOV =0\ JAO¥ Ry VY AL x14
s VFTV/AS) T/AAA s JYFO \4s JEAN VAT +/AYq x15
s Ve SVVE T/OVE VATA VA ¥/Ys /VOR VATV V/YOA x16
s Fa/YTY ¥/Y JARY  uYs OV JA$4 Y AN x17
s £OASY $/YE Y/ AV e VO QY e VEA x18
s YEY/O Y Y/¥Eq YA RL S LY VAV /Yas <140 GYAY x19
s INEZA) Y/AYY UAYE ey VAN YWY Y Y$S %20
s V¥/AYS YIYAS VoCA /a0 VA WA VAT YN x21
s VRV /A A ¥/EE VA JeSY V/YY4 A VY EFO X22
s FEVIVY /YWY JAYO e \SY LAYY +/Y44 Y0¥ YV %23
s VAY/YAA Y/AQA GAYY —e/e04 CVF YN JAVA YT x24
s 1)+ 4/8FA YIAO V/YOA e YN Y oYY v X25
s VY00 Y/AQ¥ JEFY —e/\4A ESA AV B R X26
s YAV/ESA LV INRIE T S U | EVE VAT VIR SRR x27
s TYV$/444 \UATANNEY, 2% TR J¥ YO V23 S TYTES SRV x28
s FEY/TV) Y/VA —NSE —uYYS YA A ey e x29
s YET/VAN ¥/04+ V/E10 s V/008 COVY e YV %30
s LAGYAVN V/$ 04 JEA VIOVA a/0YV ¥/ F/0YY /A4 x31
s £/ 8 1/44A JEOY e /rAV AW A AN evs x32
s FEY/AVY V/£4Y +/¥44 V/Y0A a/ees AN ¥/EAV £/0vY X33
s VSTV V/FYY Y VS ERR R VAV S A% F10AV O/AvY X34
s VYVE/ YT ¥/YEs VY oA CVED YWY Y YV X35
s YE/YYY £/10Y VA TEEYIT Vinns CPAY JAQ¥ YA x36
s YOT/XYS /744 VFAS = XYA V/Y4A YAV JAYE JYEO X37
s ¥ /444 £/ VAL Iy 2 7 Y/AYY VAN CYAA 5 x38
s YA¥/Y¥4 Y/OVY GOV —e/e54 CYVY VA /0y Y x39
s TN E £/£70 VEYO  —/AYA V/VAY Y APV YSA x40
s Yo SIAOV O/NAY VVAY oA YY VYA YT A x41
s N AVARA YVO N TRV N <104 CANY VS x42
s VVF/VSQ /500 YA —aveY /4Y$ /Y4A VYT YWY x43
s YA¥/AVE /0N« ¥V Y VYA JYEY GYE YT x44
s 4F4/FY) ¥/rq¥ SAYY /PR \/OYY V% Y F Y'Y X45
Y Voo 00 £/5Y¥ V/OSY ey C\OA Ry Y0 et X46
s AV/ESY £/7Y4 V/OTY s JYY ess JOVA Y X47

VAR 2N o/ve¥ Y/4v +/AYA LVARE] LVARRN VY0 v/eYV AARY x48




VELY Ol (F1) gy o5loh cpp oylod ol Jlo e Jlo i 5 gl Sy o 55

o,lal Jlez| Ip Sl | ;54-45 u@ﬁ WS ] Sl Ol 2l il O’:ﬁi‘f’ Bos
AR Y4/Y¥0 FINEY Y/eY0 ARKS V0OV o/eNY oY o/e0q x49
o/ ¥Y AN Y/ \/e¥¥ ARK o/rVY /0¥ LVARYd AR x50
ARK Y24 /0A0 AVAVA < /A¥N ARK Y/Va# /YN N ALY4 x51
e V54 /0Y0 Y/AYY VALY s Y/YVY g O A N X52
AR V\V/er Y Y/\AY */AY N —+/M\) +/OA) /YO CAYY ATNYG x53
ARK VOY/204 At =\/YVvY - /XY8 ALY AR —/2YV - /008 x54
ARK VAD/YAY Y/AY) AR — /YA ARZN ANK —+/*V) —+/*AY x55
e 14)/YF0 Y/44¥ JOAY  —a/AVY ¥Of AV Ve o/+ay X56
e YWY/EAA V8V AG\% AV V0 Y/EYA YV £/514 X57
s VA¥/Fes V/AS /5AA e YV \/¥E8 +/$4Y VYO X58
AR YYV/VYY 1/¥44 +/YOV +/AYF VV/2 VA A7AV \VARYZ4 O/+4¥ x59

5SSl Osesl sl Jlaas) a5l 0 4 5 Lo ulaosls SIS Jg_.,,;)um},\?wdmﬂm\éi

05 S oot oS Gl g€ s o &5 Shls s pl e pate ple (A8 25 56 g aate e (Cewl Ao 530
Shkes 35 5 Al s Jlae Gl ol esli | (Ao 5390 50 o 53) (el sy ST 31 S (slaesls
GOl 5 3 5o 45 ol O 330l &8 ccdd /IO s b Slhes 51 30 s 0L o 51z /YY) e 5 /MY Jlis b s S
ws S b s o Bl aS Gl TYY e Gl Slles 6@ 0L &l 55l Slles I ol A8 0L 4 Cand (5 20
Gl e Do S o W5 a5 J g 505 Slles wlel Glac b L OLg oy SES 12 opl &5 Canlins opl 0 5 553 o
Glr 0L g adlans;go oS 3 a8 ol e cpl o =00 TVl L (ol le e sl Jlad I ol (50 0L
=V i bl gl b 5l S0 e (90 0L 2 olgne S o ISl ol gl ls L 2 55 5 S G 5

.QMLAC,SJJJ\Q‘J.@QQ}\J%EMJchﬁw@ﬁlﬁMh&ﬂg‘jhf%bﬂu&fiéwtuw\y

S5 ly i Ao 5 e (F) Jgde
Table (2) Descriptive analysis of dependent variables

S 53 R AT JEONC
0 54+ . A 3 S
00 AYY \ Sl 35 il
¥4 VA . Sbbes A8 0L > 1alS
0\ VAO \ Slles 45 0L = Sl

P O S5 G b ) (5B 5 (s (Sl ate dws Sl alS ja bty sla ke s 5 Il s b O gl 5 shaiaey

el ok aglie S5 05051 Ga b Sl adde (351 51 o b el 2l st st g o e s 0 B o kG slaesls
i G (UYAAY) K 6l (g lsbins .ooel X36 - XB9 3l (s> (gla pwize s X1 = X35 51 il Liash suens la ke
33,03 55y (solle LD (Js 93 e Ol e 4S5 S| g2 30 ) s Olis Ao s S golslins Cla.ﬂ 0 A s e
Ll Sl 55 2 e Sl S Ol S GBS Sl ll Do Sla e b Je 4 S g la rie L Js
Ol S | g6 g0 pl BasOLE Sllas A8 0L St ) Ao 53 gy (Sl a3 S 5lel (5olslae pite

L;lﬂQ@):&w\dﬁjLgLAWJ\J:_:ﬁLgA@duW%HWAJJALAE:)UJ Sems e 93 el Ol o (golslis



2% OLen 5 ol e Sl

Stles (S4B SLa0b o 5 Al 3 g i 53 4 e Ol 5 nble (6,8 3L 5 LT sladie (o118 s e

@L’U ol 0 ebl.ﬂ.’;.»:‘d.l.@.zj L;uJ:;GA Q.G)WJ‘LQJLAT_}w&u&;:g&ud#&kﬂgw&uufjsy wu&ﬁ
ol ot €1 (F) Jpom 55 ladile s s i 51 ool

Ky 05031 b das fglin 5 dde e 51 Joolo oand o 2 i (F) Jpi

Table (4) Results of R-squared obtained from estimation of models and comparison of models with VVuong test

oybl Jlozs| Ky g0l 5,k0

e e
+/08AD VN Shem Sla pmie Ao ez Ll S pu e
e 4/Y+AY
JEYYVE VAante G (gla phie A gazes b Ll 5 g e
C/YYY ARAN Gl Gl e 4o pazma U Slles 48 O > eSS
ARRE V/YSAY
ALYLY XYY G (sla uiite de gazme b Slles A& 0L o ppasis

Sl bis 5 sl A pame 45 Jlm 55 6355 e eslial @ gal 3l ol oty 3 Shes b3l sl s el & e

Jho laesls Conl SKas 555 ool Wesls Sl g,gjjmdpj@agddﬁ.a O5a30 53 yai &) 355 o o3lita | Jde e

S e OLis bl (2017)' 0, 5 5 i boazd 1s 355 L;J"..{bﬂ Gy 53 VWA Jlo lacsls 5 oass & 505 53 \TAA

(s orl 3 e ad ) Gl o Lol s (o o w5 S 55l 5 5ael Bged Slag sz Olen 5l aS Liulesl glad s
o ke s eSS gduadl s Shas dnulin sleeas s S e & s i oLl 51w b 0503 (s 53

dad SIS L pew 3 ,Shes (2017) 0L 5 55 b llae )l sl sl sl b esla il 50 Jsb &_ihil.cﬂl?}gj\ S 3l
Shles 1& 0L > 5 Rl s so i Gl ml ot amlie (AUC) e 534U sl esli I L lassiS suai b

ol 0 uiﬂ;(a)dj.l})écwlg‘)b)@hjﬂ&b-wﬁu.?i;t.:,c«s&s&)j.pb

oeble (5 53k 5 5Ll sladis s Shes mls (0) s
Table (5) Performance results of statistical models and machine learning

IS 2 Shes B 0L it IS 3 SMhes Gty .
A5 AUC L p) AUC

\$ VPPV YA PES "ol s

$ VA 0 ANY ROy

¥ e s Va4 ¥ Stz 05 S

5 VA ¥ AS DC&;’*‘ S g il

Y A ) +IVAA 7 Gees 550

Yf /044 YO /504 v el 53

\E VAV q VA b el K

A CNAD % </VAA ol S sl

. Jones et al

. Naive Bayes

. probit

. Logistic Regression

. Fast Large Margin

. Deep Learning

. Decision Tree

. Random Forest

. Gradient Boosted Trees

o - . I NS I S



VEY Ol (FY) by osle cpss oplet coasily Jlo e Jlo b5 oyl Sy pote #A
S s Nes AB OL s e HS 3 Mo 3 g (S U
a5y AUC 55 AUC
v “IVAQ VY VVE " obsty Ll poedle
A C/OYY Y4 /5¥0 T labuls olads ls il
4 AN \ A Tt Ol Sl il
g T Y YAk TS Oty lspdle
) /OYE Yo 58 P os el bty s pepile
0 2R 10 NEY Pkt asis LT
¥ oY f CYOY Y ess e pasiis U
¥4 JOVY ¥ YOf Nk sy U
A VS VY VPR Y s
D VVEY Ve VAN VN O re s
1) VTR VY /Y4 RETy e
A PEY V4 Y Tl e
14 Vides \3 IEAS JRCI JL G
) Y v /5N e e
i N A ¥ /AN 0 4
\% </OA s EN BTG
Y C/0F Al ¥ian% Vles o 5 Ss5 8
¥4 /04 % 5e¥ Mo s
\ AV | /AT " paled O S
% OYA YA +/044 s sl
ANt /0¥ Y EYY "okl
YY Y YA VY W e 055 b6 S5L
T Vi 1\ VY T slsl
v +/OVY YY VEAY e Jsi

L T N T N T N N S = T - NV S U TUR SR

. Support Vector Machine
. Library support vector machine
. Linear SVM
. Evolutionary SVM
.PSO SVM
. Linear discriminant analysis
. Quadratic discriminant analysis
. regularized discriminant analysis
. neural network

. A multilayer perceptron

. perceptron

. chaid

. quest

. decision list

. bayesian network

.C.

. KNN Algorithm

. CART tree

. Symbolic Regression

. IBK

. Kstar

. Locally weighted learning

. AdaBoost

. DecisionTable

0
1
2
3
4
5
6
7
8
9
0
1
2
3
4



£4 OLen 5 ol e Sl @Wéﬁéuagﬁjﬁl;:y@ﬁh):4:.:44.JJ.»gl&.:dl;g}:&bs;:lijsijLgudb&blfi.ﬁuﬁ

S 2 Shes B 0L 2 et S 2 Ses 3 gw A "
“) AUC a5, AUC
YA /OA YO Vidas S Ll o
Y. Y Y. Ve Tk
\ad +/00¥ \i2 /0 " el il
3% 5OV V&  NOF ¥ Smd Jas Ol s
YO < /OAD YY V/SAY RS CTREPPILIPO
Y& < /OAY YV JSEA "X
VY VY A +/V40 Vs o oS
Y VA Y MY "ol
f ./¥aq Y4 H/¥YA TSk

Shestize 1l opaled Osam S saS gdodid 45 35 OF siasilis ot b (6,850 5 (bl sladue 38 0es 5l o b mls

il 1o Shas ot Jsb iales] Bsad 53 5 AUCS AT L S 5 Sles 53 cpalls 55 o s S5 ) S|
(paled Qg S5 5l e IS 5 Shas giualdy o Gl e 5 s sduazdb 5 Slas ses0Lis AUC 5l Ol ol .o
as o &1l shite 5 s 3 Shas oS 5,8 sl 3 e3> &3y 3 AUC = AWML bt Ol 2y jlo e il a3 e
b 58 s S bl saS duaih 38 o o3 p e 455 55 AUCE VAV L (sle) o pite i (ilal SOLS 0o S
AUC= +/VA4 5 AUCS /AT LSe35 St Osom S 5 S 0lel Joe 03,5 00 13 5l &5, s AUC= /A #
O3 e slaas; o3 bnetiSgdnaih plw dils SuSG  S0s 5 Sl 3 Shas o5 L8 0 13 o B3 5 ety glaas o
ceile 6,850 sl s aS I s ic il glai by can s 5 Shas 31 0L 5 Wl +/A 31 S AUC oS LS8 s
S| paiile 6,55l G me lac 0 5l 6t s I3 LB 5 Shes 55 olel B3l gla s,y (as o Sl (65 5 Shas
LS s S s (sllas 03 0L > s i ¢l K55 {,.:Ujfll Sleste ol b cpsled O S5 S g hisaind a5
5 ost gluaib 3 Shes sas0lis AUC 51 Ol cpl ol axils 1) 5 Shes op 2 o Job cialasl &5e5 53 5 AUC= +/AYY

£33 455 52 AUCS WA+ L Gras (5,500 siS suiuai ol ey cpaled Ose S5 51 gy IS 2 Shas (s 2 e | ke

M@:J&L}ésﬁfdpﬂﬁ{xy@)): AUC= /YA L jle O g S5 o dis o ) At 5 gt 5 Shas S 5,8 o 5l 3

S WLS ol 3 sl sladd 5o bediS sduand sl LS o Jes gz Belal ghuaih SO 5Ll das e S da s
ol ol b e s Shae 31 OLES

RO PR R ] @l () dsdr 5o &8 sl ol ol Gobl 5 il 6,850 sladis Ole S (glanslis (ol s

3 Shee 35 ol s gy 3l S s eSS Oa3l a,bl Jlaas| S pl wam 5 b S cal ol saasolis (8) Jsi =k

Ll (6 i (Solslan sba LgJLaT sladde 5l ile LS):§>L.’. skl

. Repeated Incremental Pruning
. PART

. Decision Stump

. logistic model trees

. HoeffdingTree

C45

. Xgboost

. MARS

.COX

o - . I NS I S



VY Ol (1) ol o)led cps3 o)led conail Jlu ¢ Jlo ol s ahls Sy e 'z

ol 85k 5 5oLl sladie Kl dslis s (9) Jgar
Table (6) Results of comparing the average of statistical models and machine learning
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