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Abstract

The purpose of this research is to investigate the effective factors in
predicting the academic performance of undergraduate students in the
classification of four classes. To achieve this goal, the study follows the
CRISP data mining method. The data set was extracted from the NAD
educational system for the bachelor's degree in Shahed University for the
entry of the years 2011 to 2021. 1468 records were used in data mining.
First, the effective features on students' academic performance were
extracted. Modeling was done using Rapidminer9.9 tool. To improve
classification performance and satisfactory prediction accuracy, we use a
combination of principal component analysis combined with machine
learning algorithms and feature selection techniques and optimization
algorithms. The performance of the prediction models is verified using 10-
fold cross-validation. The results showed that the decision tree algorithm is
the best algorithm in predicting students' performance with an accuracy of
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84.71%. This algorithm correctly predicted the graduation of 77.88% of
excellent students, 85.26% of good students, 84.69% of medium students,
and 85.96% of weak students based on the final GPA.

1. Introduction

The main problem in this research is to identify the factors that are
effective in predicting the academic performance of undergraduate
students in Shahed University. Choosing the best machine learning
algorithm in predicting academic performance among different
modeling methods based on validation and evaluation of models is
another issue in the present research. The purpose of this research is to
investigate the effective factors in predicting the academic
performance of undergraduate students in Shahed University using
educational data mining based on classification models.

Research questions

The main question in this research is what factors affect the prediction
of undergraduate students' performance and improving their
performance?

Sub questions

1- Which modeling algorithms have better results in predicting student
performance?

2- What methods have been used to predict students' performance?

3- What is the validity of the developed model for Shahed University
students?

2- Research background

1-2- Theoretical foundations

- Educational data mining

The processing of educational data improves the prediction of student
behavior and new approaches to educational policies (Capuano &
Toti, 2019) (Viberg et al., 2018)

- Academic performance
Academic performance of students means the extent to which they
achieve educational goals (Banik & Kumar, 2019).
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2-2- review of past studies

The highlighted cells in Table 1, based on past research, show the
classification algorithms that have the most accuracy and effectiveness
in predicting students' performance in the relevant research. The
decision tree algorithm has been used the most in previous researches.
The NB algorithm has been the most used in research after the
decision tree. RF and ANN algorithms are next in use. After that,
SVM and KNN algorithms have been used in research

Table 1. The results of research literature based on the use of
classification algorithms

Accuracy|LR "F;rl‘_e ANN|[SVM|KNN|NB|RF|DT| Data mining algorithm
? ? (Batool et al., 2023)
* g I O O (Marjan et al., 2023)
" " % " (Abdelmagid & Qahmash,
2023)
* * * * (Manoharan et al., 2023)
99.34% * | * | * |(Alghamdi & Rahman, 2023)
* * * * * (Alboaneen et al., 2022)
70-75% | * LA I * (Yagc, 2022)
83.44% * * * (Dabhade et al., 2021)
95% 2 (Najafi & etal,2021)
& * * (Soltani & etal,2021)
50-81% | * * * * (Cruz-Jesus et al., 2020)
* * | % | * | (Sokkhey & Okazaki, 2020)
* |k (Rebai et al., 2020)
* | * | * | (Jayaprakash et al., 2020)
* * Ok (Zulfiker et al., 2020)
* (Musso et al., 2020)
85% * (Waheed et al., 2020)
* * R * | (Salal & Abdullaev, 2019)
* R * (Turabieh, 2019)
* * * (Xuetal., 2019)
* * (ghodoosi & etal,2019)
95.84% * (fadavi & etal,2019)
91.5% * S * (Ajibade et al., 2019)
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Accuracy|LR "F;rlle ANN|[SVM|KNN|NB|RF|DT| Data mining algorithm
85% & (Ahmad & Shahzadi, 2018)
& * | (Hasani & Bazrafshan, 2018)
* O O (Hussain et al., 2018)
g L I I (Umer et al., 2017)
? * (Khasanah, 2017)
& (Asifetal., 2017)
92.34% | * * * (Hoffait & Schyns, 2017)
* * (khosravi &etal,2017)
86% * & * (Mueen et al., 2016)
|k * (Amrieh et al., 2015)
92.34% * S (Yehuala, 2015)
* * * (zahedi & etal,2015)
« | (Punlumjeak & Rachburee,
2015)
71% * | * | (Osmanbegovi¢ et al., 2014)
* (Shamloo & et al.,2014)
* (Asadi & et al.,2013)
60-75% S g (Kabakchieva, 2013)
96% * * % | % 1 (Oskouei & Askari, 2014)
* & (Nghe et al., 2007)
94.17% * * *o|oR R OK present research

3- Method

This study follows the popular training data mining method CRISP.
The data collection of Nad educational system for bachelor's degree in
non-medical fields of Shahed University has been extracted from 2011
to 2021. We used the Label Encoder technique to encode the features.
In this research, C4.5 and ID3 decision tree classification algorithms,
random forest, Naive Bayes, k-nearest neighbor and artificial neural
network and gradient enhanced tree were used to analyze and classify
students and predict the final GPA. Modeling was done using
RapidMiner 9.9. To improve the classification performance and solve
the misclassification problem, we use a combination of principal
component analysis and feature selection techniques and optimization
algorithms. In this research, prediction accuracy was evaluated using
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10-fold cross-validation method for all algorithms. Also, different
algorithms were compared using the analytical descriptive method and
based on evaluation criteria, and the best prediction model was
introduced in this research.

4-Data analysis

4-1 Introduction

The best model is the model that has the best values for the selected
performance measurement criteria(Lever et al., 2016). Figure 1 is a
graph that compares the accuracy of the algorithms used in this
research.

Figure 1. Comparative chart of the accuracy of the algorithms

According to Table 2, the DTC4.5 algorithm is able to predict the
class of 1235 objects out of 1458, which gives it an accuracy value of
84.71%.

Table 2. Confusion matrix of DT C4.5-GI&OSE research model

Students with | Students with | Students with | Students with
excellent good average poor precision

performance | performance | performance | performance
Prediction 1 81 22 0 0 78.64%
Prediction 2 22 295 49 9 78.67%
Prediction 3 1 27 498 50 86.46%
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Students with | Students with | Students with | Students with
excellent good average poor precision
performance | performance | performance | performance
Prediction 4 0 2 41 361 89.36%
Recall 77.88% 85.26% 84.69% 85.95%

4-2 important features

The prioritization of predictive variables based on their weight is as
follows:

Diploma GPA: 0.262

Semester 1 GPA: 0.201

Semester 2 GPA: 0.197

Number of honors semesters: 0.122

Conditional number: 0.114

Year of entry: 0.104

4-3 The results of the implementation of the student performance
prediction model
The results of the prediction model are shown in Table 3:

Table 3. The results of the DT C4.5-GI&OSE model implementation

Row No. il s e i 4k 8 e prediction{ss.. confidence(1) confidence(2) confidence(3) confidence(4)
1 932106010 3 3 0 0 1 0
2 982174021 3 4 0 0 0 1
3 972106010 1 1 1 0 0 0
4 902161006 3 3 0 0 1 0
5 962155025 2 3 0

0.455 0.545 0

G 992151020 3 3 0 0.071 0.857
7 992151006 2 2 0 1 0 0
8 902161013 3 3 0 0.059 0.941 0

5- Discussion

In the main method of research, namely DT C4.5-GI&OSE, in the
classification mode of four classes, it is observed that the average of
the diploma has the greatest effect on the process of predicting student
performance. In response to the sub-question of a research, the best
algorithm in the four-class mode is Decision Tree C4.5-GI&OSE with

a prediction accuracy of 84.71. This model showed 84.17% accuracy,
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83.42% sensitivity and 0.780 kappa. DT C4.5-GI&OSE technique
correctly predicted the graduation of 77.88% of excellent students,
85.26% of good students, 84.69% of average students, and 85.96% of
poor students.

6-Conclusion

The obtained results show that there is a relationship between students'
social and academic characteristics and their academic performance.
DT C4.5-GI&OSE algorithm was the best algorithm for predicting the
final GPA scores of students at the end of studies with a prediction
accuracy of 84.71%. In this model, the average grade point average of
the diploma has the greatest effect on the prediction process. Using
machine learning models as a decision support tool improves the
academic level of students and reduces the number of potential
unsuccessful and dropout students. This study was carried out at the
undergraduate level, which can be used in future research for the
master's and doctoral level.

Keywords: student performance prediction, data mining, machine
learning, modeling, improving the quality of education



@ }J”.LAJLEA

;b éul;

VEYLAN 1 K5 all VERYV

. “JU

iy
%

-3

ARERVERVARY

ISSN: 2821-0964 elSSN: 2821-0816

Ladgn )55 S o pute Slalllas
1\ U Y\o Jp g\i"‘ JL@. A" O)LQ.\: evﬁé}‘jé JLw

ims.atu.ac.ir
DOI: 10.22054/ims.2023.75523.2375

S5 0 (S 5ol 1 odlaiw! b Qb azmiild & Khos  Jw yw)
(MLl olCL1S (5390 dxlllan) 390l (ST 0B1S § Cmilo

5 poe doly oy e 5 slatl aSasls (DMl (o)l Sy ke 05 f i
T &y 033
Al g ol 5151 oLsils oo i J >
5 pske el g s oladl 2aStils eVl o5l o s 05,8 sl .
T 351y Lo
Ol «0a5 e ol 13T o il cligins PLURS)
3 pole oy el s oladl Sl DN (5l Ly s 058 il
Ol sl Ol ¢ oDl JUT ol{,iib «lidss Gw S
e S~

2 li)lS ghie Lty Sheand s Sles ulta 00 g bl o GO o) O
S S S35 02l gy Sl addllae coda opl a glaws gl Sl o ST Sl suakd
3305 Sl Aals o&iils 53 (ali )l ahke (5lp 3b B3 geT i I Lesls 40 pame LS e
ol Ll ol oslazul (g olST0sls 3 5,5 5 VFPA sluw Ll ol G\ﬁ.ﬂi VP BV sl
U3 slocy s 5150 5 oslizal b (g3ladibe A5 sl Ol mils asd 5 Shos 1 530 sla sl
adl 3o o 4 325 5 (oS5 ) e STl e T80 5 saib > Shes 3 gy 6l ol
Silotigr Slapm, S 5 (Sas ool eSS 5 il (6,850 sl SN ol jan |
el ol Al gl Ve bl amislael S aslizal b gy iy sladite 3 Shas oS o 03lizul
AENY S85 L Ol gmiils 5 Shae oo i 53 02058 0 i pomnal St 0255801 o7 5l OLES il
3 doys ABYF 5 e Ol gzmtils 51 Ao s WA (ool J6 2 y30 V;J_,;Jl ol el sy
bl 1y Cand 0L samils 51 o y5 ADAF 5 Lo sz OL somils 51 o3 AFFA 5 gt Ol gomiils

3515 O il ’Jg'l"” ot 2 D J.‘.SE ] rl:’ oo it 55 (St 216 Jdas

Sop «Soledde (wdle (6,850 (sulSesls lsmiily 3 Slas pw i laellgadS
il kS

r.radfar@srbiau.ac.ir : J s o 5 %


https://journals.atu.ac.ir/
file:///H:/فصلنامه%20ها/مطالعات%20مدیریت%20کسب%20و%20کار%20هوشمند/شماره%2047/صفحه%20آرایی/ims.atu.ac.ir
file:///H:/فصلنامه%20ها/مطالعات%20مدیریت%20کسب%20و%20کار%20هوشمند/شماره%2047/صفحه%20آرایی/ims.atu.ac.ir
https://doi.org/10.22054/ims.2023.75523.2375
https://orcid.org/0009-0005-3249-9752
https://orcid.org/0000-0002-3951-9905
https://orcid.org/0009-0006-7473-1991

Y] O 56yt 5 bl S5k lagn ; S ) o3lial b 0L il 5 et i

Ao e
Lzd P60 gonils a5 Shes 55 2 (2L ol Jlo 25 50T Sl 5o
AICings ) ol Jlo 55507 Ol e g1 65550 (8l &S5 somiils Cob gn o i
odssU 1y 5 Shes & zete (clldS Julge olulis Coenl (gadaze Slallles (et al., 2021
Cans 5 S bl Ctls gl Oy giledindly @y olold s Ll S
O soedils &b iy 35 (6l Dol NS Ie (gl ol am 55 5 SjseT (glaaeli
w53 4SS Ul Oladss 4 4= 5 L (Alshanqiti & Namoun, 2020) <l (g9 2
Sl p Sl i plnil )15 5525 01l 53 0L geiils 3 Sas 2 f3e Jolgo (S
IS Sl (530 ) piS e 5 sdate Slalllas 4y S Emgn U 035
ol Sl 3 S5 51 LS 0L gmdils otnT (glas,sbiws ot Lol Jlus
5 A o Ses 4 plaes 5o Obamdils 4 Wb psb 4 @l bl pl (ol
Slepise 51 (S . (Batool et al., 2023) S oSS frams oS 5 S S S
rl.\é\ 5 Obidls luas s Shes T ot (ks 5 Shes s a5 6
S (Asifetal, 2017) ol e S8l s 5 e 53 0L szedils & Sl 504
5 OleMbl (655l 5 )8 5 dnw g Ol e camel= 8 S5 iy sla e li oA
aasly pl 55 698 esls 3l eslizul (Rostami et al., 2015) ol 55507 55 Slbls |
Alboaneen etal., ) Cul dis 0b goeiils oo 5 Sas » 55 Jolso ol ol (5
Ao el O edils ol i o dile SYVI 5 4 il 5 o (55 50T (555 0515 (2022
ot 4 R BT Gl > &5 LTSI (EI Aissaoui et al., 2019)
o BT I et ol osh e a3l Coeal 0L gmdils s Shes
Er omIBl Gl o 5 OLemiils gluls (Cuevas et al., 2018)4 , o
Slatng 5 oKl gl o e (Glojle 3 Sas e Sl (el )l
Joems 51 Ol il b aalsl Jlat LY 8l ((Ampadu, 2023) v s 4l Ldos

)\Sé\ﬁ4,;,;,'o;;r.a\;‘oTwuj@ﬁu:ﬁ)ﬁb&)w,J,ug,sueﬁu\;



VY Slg | FYV opld] pr33lss b | ased 32 585 S’ o pite Sllllas | ¥YE

6%:{,;5\3@@; a sy 3550 03 Gons (RIS oS 5 Laesls 31 (3l e
Soisl DLl 3y 5 Olpde b3yl ¢ (Garcia & Skrita, 2019) S sl
. (Debang & Hassan, 2023) s ,8 sb— assb auT 3 obj,l 5 <ol o3l
98 osls oSSS PrSe sarb ma 85T (g8l slas )8 5l S
Sogr 5> Aslal 5 Obgmeiils a4 Wlg oo a5 55d 0 oslamal Ju i 6l &S Sl
Saa, JuS” <SS /e gl 3 (a5 Goge 313 glalis b B5seT oS
e 05 S 3 ,aly (hiael 6 esls 53 e adsl o i (2016
Ol OT 55 a5 045l (slaesls e 5 (Waheed et al., 2020) & (s AJ.(L..;
ol O i S a8 esls Caanl (il tal5l b s delas Hsb 4 Sledb
s o) g 08l (laesls Cabdd 4 &Ks 5 glonT s . (Ampadu, 2023) ol 0349
Ol ol el o mws s Wil g o dbsd Bl B W g g I seiils a Slebl (L
5 sl Glliow sl il e 3 Sles e glaesls Juls
(Sl Sap Sledbl Wil gmiils a etd Camdy 4 b SO
Al-Emran et al., 2020; )l 6,8 9 L3005, ¢ sable ( blo,l ¢ cade (golal
935 ‘5”TC""~' sdaze mla 51015 e 1y beesls ol .(Romero & Ventura, 2020
S5 el i e s 85l T il et s S Sl e
S otalin Oy 50 53 s i el L (Ding et al., 2019)s S .S 5 O gmiils
(Kumar & Salal, 2019) ssi . <1, ol & éf“": S ¢ gmmiils .>J§L.9 33
Sl oy €28 o § 5 sles s St (GA5saT wly G55 Condy 25
5 Sledbl oL (= (Batirovna, 2023) sl ()5 ,0 sk pyasl,p Ol uis
U.ZJ}AT nggob‘b L: NGB _;}‘ O\v\.q— Qtijx&:‘) 9 .»\.:S'L.u‘ L;‘j’ UAQT u;.&\v\.: )L’J:—Lw
o 3 eslizal 3 S dblie OMSKie ) L ssmge bl s WS (S L Ol e
S 0> 5 LiL Obgmiils 8T Ok sLiKaly Wl g o oiniS (sla S

@L\#L;d &:.E}J U‘f-‘ B L§l"9‘ FICOW .»\..S:L )‘.,\fj:}'t’ BB 45‘)‘ oyd) L;.ZJJAT CLE.;



PV | 0K 5 sVl b g blold Sl ‘surqﬁf.ﬂ 31 03Ul b Ol sty 5, SKas d i

oRils 53 (s )l abie O ptils oot 3 Shoe ot p 4 Sl Julye
S 3 Shas g 53 eble 6,83k 025 S o e Sl s e Aals
23 S5 s ads o550 5 maslzel il (63lade Calties (sla sy Ol |
e 3N Suita 0 S i el e R ) Be el Sl G
bl BT o esls 3l eslizal b dals oils > _wlid ) glie Ob il
ot Sl e e 018 (or oo () 53 Grmpes Bk 0 uaih ladbe
5,5 Obal LOT ey Coddge 5 Shes 35 8l Ob saiils e s Shes
wlolo 53 o zws 53 laesls S5 Jelge (6 S8 2 4:9; oy (S5 esls

@‘wﬁu\isb)yc&)‘bbbdﬁj}a]'

TRI G K

S5 sl Sl

sl gslSesls -

e sl bolpl e WS e 5T s esls ol cbeSSS
S F3saT s esls o5 (Aldowah et al., 2019) S’ ol b (5 8 5L S
Kaur & Dahiya, ) &S s eliul o5 50T (glresls )y » 6l p @38 0015 (slaeSisS
Glaw 5 amer S S5 3l (g3t SleMbl slroll LolKails 71,5 (2023
Olgs st 55 16 Laulsy 5 Sl baosls 31 aomam ol 535,15 3 5 Ob el aoes
(Rostami > 57 fdow 5 &1 Sul (g 58 enl> [23ls jleslizul L1, LOT Ol 5 0 &S Lile oo
sl Gy S colpl 4 il Sladss el ladle s et al, 2015)
Lo Sy 5 deass Chh nitn ((Bise] slaesls s Ol b S
b b b o&asls 0 87 (Waheed et al., 2020) ol oils oS s 557 (5,5 5L
b iy pendd 5 e Caibge m w6l Weesls Sl eslizal gl 1y s

s sl sWesls i5ls , (Bernacki et al., 2020) diise 3 sgs Ob il



VY Sle | FV oplad] pr)iss dl | ased s )85 S’y pts Slllas | ¥YS

Lidu s e ) (Hipel GCwle 4 bdr s Sy, 5 Obgdils S,
. (Viberg et al., 2018)(Capuano & Toti, 2019)

wﬁjyi $sSasls ol S5y —

25 sl Jla V Jpde elul A8 Sladss ys edzan S 5 w0 e Sh
AL o

(S5 o iz e ol oils 4 5555 51 S o lid Comenr Sledbl -
WVl LT)s iy Salsls Cundy b Coodo (pllly SBlaams -
Ol meiils s Slsle 5 SO0 & bld (533 ol endle ¢ Jih cosl sl

JS Dl s25nT amma b Ol s 53 el 050 Juls (3 oo Conds -
835,58 Q\:ﬁ»\@wc&m ad ) ( Jd O

033 s Jdre el dluas 3 Judre o0 Dl jad Jold 5587 leaod Cmds -
(3 7l &y g fnd L 3 6 kB Dbzl 5 o8l S Jae 5 (5l o7 Jokee
Ob s ils 3105 codds 0308 (glaoy 53 5Ia (s ¢ WS 53 oo ¢ 5 malS 2ils
Oles e aliso) Sl yed e ool iy 5 p 5SS 53 0Byl g3 sl (WIS K o
oIl catin 43 okd (3o Ol (ol Sldee Sl IS (ool 41y
cpllg HLad (ol (WS 01l e ke

Sbay 5 ol Sl 5 ez 035 T 0oy ol 5l 5 eslanal sla)ls, -
(CST 5l o3 ¢ ya Ole 59 ,0) S5 ) 53 0L gomiils Sl >

Olay Jolse Jals Olgmiils ()l 5 L0l 5 aasd b Shs -
S35 0953 § 55 5 mlbasby 5 05y 3310 a2 @ S 3555 (21 s S
Ol gmiils CS i (Sose oldjyl canlllas Sud -l 31 w635 sl
—Ob ity (Jad gl 5 Z8,0 pde (b 5 el Bl (Dhle @S
Loy e o] poldComar @30 (olazr| Culam 0555 (6,800 slas
D



¥V | O 56yt bl S5k lagn 5 U1 51 o3lial b Ob il 5 Kot i

s 3 N Sfowa jlas ol ddne -

glie 02 LOT ol June O gmtils Joaos 5 Slos Samies jlme ol Jhagls 5o
ol o Candy 55 OYAY) OLKes 5 ok s 5 .l wld) S
9 ) el edd s i &:*""”@‘é Ol olg Jddme Gk 1 OL gmiils
sl 5 ESama skl 5 (YY) 0L 5 g g0 O gomad Oldious L ((VWAV (O, e
Ol s olg ddme bl 5 1) Obgmiils ol oo Cardy 5o (Y)0)
Punlumjeak & Rachburee, ) (Musso et al., 2020) Lles S s iy Ml@&
(2015

Slidod 5o Ol rtils Joamd 3 Kas st 2 F3e s S s ) dor

b g o Ollae

B 29 £l

(Yagel, 2022)

SERICHHRENCHN

(Cruz-Jesus et al., 2020)

Sre Sladasia

(Fernandes et al., 2017) sk ol g
(Rebai et al., 2020) e Jolse 5 an e
(Musso et al., 2020) el Glay Jolse

,(Kabakchieva, 2013)(Harwati, 2014) e Gl s
(Salal & Abdullaev, 2019) e Sl
(Khasanah, 2017) gl oz 3 Shas
(Punlumjeak & Rachburee, 2015) o e 3l g
(Zulfiker et al., 2020) Ay 5 0ol
(Nghe et al., 2007) ez Jol e
(Oskouei & Askari, 2014) a5 Syl Gl e
(Waheed et al., 2020) s b))

(YYehuala, 2015)

2903 0051 gl

(Amrieh et al., 2015)

oty s S5

(Umer et al., 2017)

bl slresls

(Xuetal., 2019)

ol 3l eslazal gla S

(Hasani & Bazrafshan, 2018)

A&l i Sl




VY Sle | TV olad] pr)lss dl | aiad s J5 S’y s Slallas | ¥YA

Wy o Sllas b 5329 &l
(Pandey & Pal, 2011) Sl Jolse 5 osl sl
(Gallaet al., 2014) eisilyy Jul e
(Chamorro-Premuzic & Furnham, 2009) e §B S5
(Hellas et al., 2018) Jrams &S 5 Jol o
s 3 Shes -

Lei & ) 35 o im0 T (slro, 35 (5l gmetils SKawsld Jlaer Ol geas 3 Shae
9T Ol 4 LT oliws Ol (glms 4 O geiils duass 5 Shes (LI, 2015
G35 a8 Sl Sl adS e 5 Shes (Banik & Kumar, 2019) &l
> Sdas Lol 3l (Seif, 2016) uas o plowil ale o )luke OLLIE 5 il S
Ll £,8 e 515 amn Al 550 5 L55T 0 s 4y eiapslazel Ot o
S Jeam alsl 51 (BU o bl 5 miije pide s 4 el Lo 3 Ses

(Phan & Ngu, 2014) 4l e

s S -

Sl Ol gmtils oo 3 Shes a5 BB S5 55T plas O 1 (S
S A8 0 555 Ol gmmiils 4 Sloy 5 (s Sl 5 anslr 4 g3lasl gla T
3 Jrars &5 Ol g a8 LTS (85507 ol Gl Ol J6 2 Loses
Sl sme ool 4 e C3l(Romero & Ventura, 2007) s,0s 1, 1,8 oy mie
LS o 03,8 5 1y deas slasyllkel 5 3,8 s dms oje smiils &
(Widyastuti et al., 2017)

m.xf Qw\kﬁ)‘,}a

L.L.."}Su.» 6}Kob‘b LSLQV:’.’.JJQ‘ SMJ@ ol y djv\? BE w"@jﬁ &‘}w IS

u.\:...bd LBJJL:J_ Q‘.Tg-jﬁja.bjf LS‘I?’J:".‘.'?- B) Q\.iy;&.:b LfLZ“DJ ;ng,u; ‘)IL: S8




¥R O 56yt 5 il S5k lagn ; S 51 o3lial b Ob il 5 Kot i

otz -(Zimmermann et al., 2015) coul o3Y adsl e co B n e S
5 2 Si s S ns s Jolse Goee S5 p ik miils am 3 Shes G
.(Alshanqiti & Namoun, 2020) ol gmeiils &b iy

Joard olaan ;) oKl 5 esliiwl  wlul 5 Geisw Solosl ssls Y Jod
Sae2 SBe Y B Nt el G 59

Accuracy

LR

Line
RL

ANN

SVM

KNN

NB

RF

DT

Data mining algorithm

E3

E3

(Batool et al., 2023)

*

E3

(Marjan et al., 2023)

(Abdelmagid & Qahmash,
2023)

(Manoharan et al., 2023)

99.34%

(Alghamdi & Rahman, 2023)

(Alboaneen et al., 2022)

70-75%

(Yager, 2022)

83.44%

(Dabhade et al., 2021)

95%

(Najafi & etal,2021)

(Soltani & etal,2021)

50-81%

(Cruz-Jesus et al., 2020)

(Sokkhey & Okazaki, 2020)

(Rebai et al., 2020)

(Jayaprakash et al., 2020)

(Zulfiker et al., 2020)

(Musso et al., 2020)

85%

(Waheed et al., 2020)

(Salal & Abdullaev, 2019)

(Turabieh, 2019)

(Xu et al., 2019)

(ghodoosi & etal,2019)

95.84%

(fadavi & etal,2019)

91.5%

(Ajibade et al., 2019)

85%

(Ahmad & Shahzadi, 2018)

(Hasani & Bazrafshan, 2018)
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Accuracy

LR

Line
RL

ANN

SVM

KNN

NB

RF

DT

Data mining algorithm

*

(Hussain et al., 2018)

(Umer et al., 2017)

(Khasanah, 2017)

(Asifetal., 2017)

92.34%

(Hoffait & Schyns, 2017)

(khosravi &etal,2017)

86%

(Mueen et al., 2016)

(Amrieh et al., 2015)

92.34%

(YYehuala, 2015)

(zahedi & etal,2015)

(Punlumjeak & Rachburee,
2015)

71%

(Osmanbegovic et al., 2014)

(Shamloo & et al.,2014)

(Asadi & et al.,2013)

60-75%

(Kabakchieva, 2013)

96%

(Oskouei & Askari, 2014)

(Nghe et al., 2007)

94.17%

present research
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2y s B i & Mas e O 1) sanaid slagn, S a8
2 el s oy S ilazls by G 53 Obgmiils 3 Shee
on A s 53 5l s NB ﬁ)}ﬁ\.@\ula\)wm\@%&ggagx
15 eslizwl s 43, ,5 ANN 5 RF ‘5uv;i),§n sl 428l Ol 5 1y el
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St ¢y S 51 Olie ST 6 A 0313 OLS ioees (Y OAOLKes 5 eSS
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=B (0L 5 J g dlie s (Kumar et al., 2018) L3 8™ oslizal (o3 4o
Ls\-ar—zug‘ om0 1y eslizul o 2t Random Forest 5 ANN &8 dss e Ol
0L 5o (Ye¥)0 50k 5 (2lildl Gl .(Batool et al., 2023),ls 545 esls
s Sadle 3 35T (65 esls Dlided 55 bslal K slagn ;S oS 505
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$3Tesls mly gy 5 adllas cul cCoda ol 4 olies 1 ! o5 S
Gl 3l sy opl 53 Sl e e i3 Jels 5 UST o (69, CRISP-DM 2 5T
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D3 5 CA5 poeds st y5 hudil 6\,3‘,;3_);\“ 3 G cnl 53 a3 S eslizal
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Sladsly alS Llg e Gaios ol 53 mbw dyse e aie LD 5 me
1.PCA

2. Feature selection
3. Optimization algorithms
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(Raosoft, 2004) aas = 1

Laesls dJJI@? -

"ol 1 AlEe yl s ol s 4 S 5 85 0eT g smtils DleMbl bl I Laesls
L oromad ol s eslinal yleyy Jljble s 53 Sy blE Gl gl ekl
35 rlbie K a Wesls ol 3505 i slas S, 51 LSS oS esls (3ledle
Sy il wils Shy a5l Gl e b diste b b T
ot Je G 03)5T s sl esls CohS 4 e 6,55k sz, S
(Singh & Singh, 2020) 3,15 S uuaib diuss | w\mvs
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. Detect Outlier Operator Based on Distance
. Outliers

. Data Normalization

. Scaled or Transformed

. Generalized

. Data Preparation

. Data Selection

. Missing Values
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B Y €055 5) 4,0 3l 8 G S5 dile A b oS 5 gode glaesls
why w3l i b g @Bl b els Oy 3558 ki aesls 2alS ale e 45 .dd
5 6oL bl Il (e 3 il s S hy bl de e sy
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. Principal Component Analysis Algorithm

. Orthogonal Transformation

. Orthogonal Vectors

. An Optimal Subset of Features

. Data Transformation

. Data Reduction

. Feature Selection

. Information, Distance, Correlation, and Consistency
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1. Gain Ratio

2. Correlation

3. Information Gain
4. Features Encoding
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ol = AS (o=< Ll o le Jutxe 14
) ol Jdne = VF) Lo 20 5 Shee L 0L gmeiils ol ¥ aids
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(Han & Kamber, 2006) &S™ o jiw o4
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(Chen & s j5eb Jlb- 55 LOT (6,550 ol bl 0L il (sAueil
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1. Label or Discrete Value
2. Training Data

3. Test Data

4. Decision Trees

5. Branch Node

6. Leaf Node
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5 b oo o3l oo 5T 5 (AIN) 040 Sluwloes 53 S oluws byl S5
o8 05,8 Sl b S S a S s 4 SSSL L Ok ys CA5 -

1.He Impurity Degree of Child Nodes
2. Ross Quinlan

3. Training Samples

4. Greedy Search

5. Prunes
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.(Bahadir, 2016) 1,5 ol L g sl 0 LOT L 48 (Gt (slaslty g

1. Branches
2. Artificial Neural Network
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1. K Nearest Neighbor Algorithm

2. Inductive Generalization

3. Gradient Boosted Tree Algorithm

4. Robust Learner

5. Kernel Techniques

6. Naive Bayes Classifier

7.He Naive Assumption Of Class Conditional Independence
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1. Reduce Computational Cost
2. Test And Evaluation Stage
3. Cross Validation

4. The Confusion Matrix
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1. Accuracy

2. Error Rate

3. Reliable

4. Generalizability
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1. Accuracy
2. Precision
3. Recall Or Sensitivity
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1. Error Classification (Error Rate)
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Decision tree C4.5 model Jus .V K2
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Number of Tree =20 Criterion =gain ratio maximal depth = 10 Voting

: RF
strategy =Confidence vote
Splitting criterion = information gain ratio
Minimal size of split = Minimal leaf size= 1 C[ZTS
Minimal gain = 0.01 Maximal depth = 20 Confidence = 0.1 '
Split criterion = the ratio of obtaining information the minimum split size DT ID3
=4 Minimum leaf size = 2 Minimum gain = 0.01
training cycles = 500 Learning Rate = 0.3 momentum = 0.2 Error epsilon =
1.0E-5
The neural network has two hidden layers with 5 nodes. ANN
Parameter settings of Weight by Gini index operator in modeling with
neural network weight relation =top p%p=0.5
The number of K =5 Measure Types = Mixed Measures Mixed Measure = KNN
Mixed Euclidean Distance
Naive Bayes operator was set based on Laplace correlation. NB
Weight relation= top p% P=0.5
Number of trees =50 maximal depth =5 Min Rows= 10 min split
improvement = 1.0E-5 Number of bins = 20 Learning Rate = 0.01 Sample GBT

rate = 1.0
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17.28% | 82.07% | 82.09% | 82.72% Decision Tree C4.5
with Gini Index (DT C4.5 -Gl)
Decision Tree C4.5 with Gini Index
0 0 . T -
15.29% 83.42% 84.17% 84.71% &with Optlm_lze selection DT
(Evolutionary)
(DT C4.5 -GI&OSE)
19.07% o, | 81.48% o, | Decision Tree C4.5 with Accuracy
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17.49% Decision Tree C4.5 with Gini Index

81.67% | 83.08% | 82.51% | & Forward selection (Evolutionary)
(DT C4.5 -GI&FSE)

Decision Tree C4.5 with Gini Index
& Optimize Weights (PSO) (DT
C4.5 -GI&PSO)

16.53% | 82.60% | 83.14% | 83.47%

Decision Tree ID3 with Weight by

82.76% | 81.53% | 82.92% Relief& Optimize selection
(Evolutionary)

(DT ID3-Re&OSE)

17.08%

Decision Tree ID3 with Weight by
17.76% | 82.02% | 80.83% | 82.24% Relief
(DT ID3-Re)

k-Nearest neighbor(kNN) with Gini

19 88% 78.70% 81.67% | 80 12% Index & Forward selection
o R R (Evolutionary)

(KNN-GI&FSE) KNN

k-Nearest neighbor with Accuracy

0 0 0 9
24.83% | 71.71% | 74.86% | 75.17% (KNN-ACC)

Naive Bayes with Gini Index & with
25.10% | 73.63% | 75.55% | 74.90% Optimize Selection
(Evolutionary)(NB-GI&OSE)

25.93% | 73.62% | 73.76% 74.07% Naive Bayes with Gini Index & with
“170 1 Forward Selection (NB-GL&FS)

Naive Bayes with Accuracy (NB- | NB

0 9 0 0
27.03% | 72.65% | 73.41% | 72.97% ACC)

Naive Bayes Kernel with Gini Index
& with Optimize Selection
Evolutionary)
(NBK-GI&OSE)

20.92% | 80.22% | 79.72% | 79.08%

Neural Network with Gini Index

0, 0, 0, 0,
19.48% | 79.07% | 81.54% | B0.52% &Forward selection (NN-GI&FS)

NN
Neural Network with Accuracy (NN-

9 9 9 9
23.38% | 75.66% | 74.42% | 76.62% ACC)

81.48% Random Forest with Gini Index
0, 0,
17.08% 83.79 | 82.92% &Forward selection (RF-GI&FS)

Random Forest with Gini Index RF
16.53% | 82.19% | 83.61% | 83.47% &Optimize Selection
(Evolutionary)(RF-GI&OSE)
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Random Forest Trees with
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16.73% | 81.46% | 83.74% | 83.27% Information Gain (RF-IG)
79.35% Gradient Boosted Trees with Gini
19.89% ' 79.65% | 80.11% | Index &Forward selection (GBT- | GBT
GI&FS)
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