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Abstract:

Recently, most academic institutions have been keen to find factors that increase
educational results, and the quality of education has become an important goal that
all educational institutions seek, especially in light of the availability of a huge
amount of data that can be used to obtain excellent results. And data mining
algorithms were frequently used to analyze these factors. In this study, a model
was built to evaluate the academic performance of the university professor, by
classifying the students’ answers obtained by the students’ questionnaire, which
was built using a Google form, which is made up of 36 questions in addition to
some other data for the professor. Such as his cumulative grade point average,
academic degree, and number of years of experience. The classification was done
using three classification algorithms (classification) which are (Random Forest,
Decision Tree, Naive Bayes) because it works with the Multi Class Classification
When comparing the performance of the algorithms, the random forest algorithm
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gave a higher rate than the two Naive Bayes algorithms and the decision tree,
where the accuracy rate was 0.68 in the random forest algorithm, which is rather
low. In addition, the results of the measures of confusion matrix recall and
precision with classes 0 and 1 were low, while the results are high with Faction 2
means that the model is biased to the majority and this is due to the imbalance in
the data distribution, so the researcher used the SMOTE method to address this
problem. Python language was used to build the model. The process of designing
the final model can be divided into four stages. The first stage is preprocessing.
The second stage is the application of the three proposed algorithms. In the third
stage, the model is tested using the tools of the precision, recall, and fl-score
confusion matrix. )) And in the last stage, the SMOTE method was used to deal
with the data imbalance. The study concluded that the performance of the model
improved, that is, it gave a higher accuracy rate when applying SMOTE, where the
general accuracy and the model’s predictive ability and performance improved.
The Random Forest algorithm was the best in terms of predicting the factors most
affecting the student’s assessment rates for the professor, where the accuracy rate
increased to 0.82 instead of 0.68
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L la) &5 Al elal e alell alllall sl ) e s 31 5 Std_satisfaction dewd) las) &
O 5 0 o G 012 o daadl oda s /diladl) sae ¢ Caiaill lee B Caa pieg
s Ll G2 s ddaugie L i ] g daddie ol )l ds

(2) deadll I cbla¥) qled Shadl o) B2adl LS 5 Jlaill e cllll a5 55 i s (5) JLal
Juaill) Camaall £Ia¥) 1) 5 (1) duaill) sl 101 Ly « 709 daal (0 335 Gy elld
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yv_train.wvalue_ counts()

2 335
1 149
=] 83
Mame: S5td_satisfaction, dtype: inté4

Jladl o il a5 ¢ (5) Jead

sl Aty et Ll pams Aoy A s 3 gl st 6 (3) IS (G Bl 0 LS

[_ bl 2aa 1

v
( cowom )
bl 4 sana
aldiicly zisalll gl v
Y Adghas (uulia Random f nssifier fux) o8 -t ]
precision, LS andom forest classifier 4 ) $3 (3ukd
F1 scorey recall v

Decision Tree 4l s (g
4—

v

TA[ Naivebaves 4l o3 (G

A 4

e ) A1) g Julas
PR VSR PEV IRV

By e el gl sl cighd : (3) Jodd

: SMOTE 4w i ed Jue & shad (4) JS8) sy

alital) 4s gana ’ﬁ AN Lagdall

v ~ L SMOTE (B J
D Onand (o) i) ol

JL4120 il %80
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v
[ NN Ciiaill eilua ) ) 6d [ fuadad ]‘—
v >

\

pal g gl gl
4341

dgian (uplia aadiulg gigalll LAl
F1 s precision, recall : asdill &gy
score

v

Baad g Gl ) gdd) Eili Judas
A8y o cbef Al 40 530

SMOTE 4wl s i ghad (4) b

A il Slaa)) g (el
:Random Forest Classifier

sl alaill 48y ulS 5 il cilily e o3 gadl) il A sial) LD el A aladiul
. 0.97

(6) Jsi i s

¥ (metrics 1 ificmtion - t(y tent,y prec 1 _rd))
e 154 11 €1 =] t
(=] a.4a5 Q.60 (=] 1 1
(| (5} 1 Y .49 o a 1
2 @.7n ©.ms © . ne 7¢
<V ] 8 L4
mac v © 1 © a @t Laz
s Lt 1 awvm « a8 8 Q.68 L4
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e:\;\jﬂ Aﬂlﬁ)‘}{\ :\A)A.;AA e\.l;:\.m\ 6;5 e CJ)A.J\ JL\SA\ e g 0.1 Lﬁjm ﬁ.l.a CJ)A.\J\ RS elaﬂ

print (metrics.classifilication_report(y test,y pred))

precision recall fl-score support
© ©.a% Q.67 ©.5%4 15

1 a.a8 @.41 Q.44 S

2 .75 .75 .75 76

accuracy @.62 142
macro avg ©.56 2.61 .58 142
weighted avg 0.62 D.62 Q.62 142

cilawd) jL5a) 3y Decision Tree dsaj ) s anlii 2 (7) Joib
: Naive Bayes s

e:\;\jﬂ Aﬂlﬁ)‘}{\ :\A)A.;AA e\.l;:\.m\ 6;3 (e jcde.\J\ JL\:\A\ A 0.78 Lﬁjm ﬁ.l.a CJ)A.J\ RYY elaﬂ

(metrics.classification_report(y _test,y pred))

precision recall fl-score support

Q a.55 2.73 @.63 15

1 Q.58 Q.22 Q.31 51

2 0.68 Q.92 .78 76

accuracy 0.65 142
macro avg 0.6 .62 Q.5%7 142
weighted avg .63 Q.65 e.60 142

clawd JLEA1 3 Naive Bayes 4wl sd sl : (8) Jil

;i) ol

lga 3 )il guilis il © (1) Jgand

Algorithm | classes | Micro avg/ | precision recall

accuracy

Random 0 0.68 0.45 0.60 0.51
Forest

1 0.61 0.49 0.54

2 0.78 0.83 0.80
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Macro avg 0.61 | 0.64 0.62
Decision 0 0.62 0.45 0.67 0.45
Tree
1 0.48 0.41 0.44
2 0.75 0.75 0.75
Macro avg 0.56 0.61 0.58
Naive 0 0.65 0.55 0.73 0.63
Bayes
1 0.58 | 0.22 0.31
2 0.68 | 0.92 0.78
Macro avg 0.60 0.62 0.57

Naive _iwj,lss oo el 4 Jaee cilael 400 sdall LG 4353 of (1) Jsand) e Jaadl
D83 i 5 Bayes
t g isall) ¢hdf Gawadl SMOTE alasciud

D Ofingies SMOTE 4 53 (3puda
: @fz’\ daagial

S bl of B @lidg gas e J€ ¢ L) 5 il @lily e SMOTE Gpks
b LS il el s il 6 5 8 Lo Adi aa 6 Y LAY ¢ a el

5l by de sene o IS 3 Jibadll e il o568 lasa sy (10) JS3l 5 (9) i
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1 v_tTrain.value_counts{)

2 135

1 149
o 83
Name: Std_satisfaction, dtype:

1 v test.value counbts ()

2 76
1 S1
=] 1s
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inteA
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P SY
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(11) Jsab 8 LS duley)

Before OverSampling, <counts of lTabel "1° 149
Before OverSampling, <counts of label 97 83
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200 A

150 -
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G simal LBY) Jilad J$ 3 JLEY) e gene il 3343 SMOTE s sd cudli olld e
(12) JSall 5 LS dde ) Jyuad

Before OverSampling, counts of label '1': 51
Before OverSampling, counts of label '0': 15
Before OverSampling, counts of label '2': 76

After OverSampling, counts of label "1°': 76
After OverSampling, counts of label '©': 76
After OverSampling, counts of label '2': 76

Gl 8l gl sy Jiladl) Jdo LEAY) Ae paae ciliby s 1 (12) S

b ) RD B e dga il sa

&Ulﬁ.}]\ e:\..usﬂ Az SMOTE é:\..\.kfu J\)ﬂ\ 2).;5 %AJJ\P C._'a'l_a C._a.aﬁ (13) d&.ﬁ\

I print (metrics.classification_report(y_test_res,y pred_test)

precision recall Ffl.score support

Q Q.74 0.80 .77 76

1 @.54 9.54 0,54 76

b 6.74 .68 0.71 76

accuracy ©.68 228
macro avg 0.68 0.68 0.67 228
welghted avg 0.68 9.68 0.67 228

GUL) apudl day SMOTE (asabaly )l § o dgajles @iliz (13) gl

b ) gudal) RY Agej ) 93
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print (metrics.classification_report(y_test_res,y pred_test))

precision recall fl-score support

] 6.9 .84 .87 76

1 Q.73 Q.75 .74 76

2 0.82 @.86 ©.84 76

accuracy e.82 228
macroe avg 0.82 9.82 ©.82 228
weighted avg .82 ©.82 .82 228

bl apudi 3ty SMOTE (Gaadaty 4330 gind) 44kl A j ) o8 @il 1 (14) Jsid
: Naive Bayes 4., ¢a

Okiab Jid g cllall s any SMOTE (3nkiy Naive Bayes 4wl o3 o5l masy (15) J<a
il

print (metrics.classification_report(y_test_res,y_pred_test))

precision recall fl-score support

2] Q.90 9.87 0.89 76

1 0.69 9.45 @,54 76

2 2.65 9.91 .76 76

accuracy .74 228
macro avg 8.75 e.74 e.73 228
weighted avg 8.75 e.74 e.73 228

bl asudi 3y SMOTE (3uhais Naive Bayes 4w j i sd gili 1 (15) Jedd
: Al Auagial)
Guki & ey OUL de gene anli & Gl de gaase @by & e SMOTE  3aks
e o< Stratified K-fold Cross-Validation ;b oo sl eljals Canaill cilw )l &
b b LS bl cal€y bl A U8 LS i) e sane
b ) RD B e dga il sa
O Sl de gena o SMOTE alasiul amy )l 3 jad due ) ) 53 8l mn g (16) Ji)
LA 5 Gy Ao sane (M Leapud
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print (metrics.classification_report(y_test_res,y_ pred_test))

precision recall fl-score sSuppont

e 0.89 Q.88 ©.88 81

1 0.76 Q.79 .78 81

2 0.84 9.82 ©.83 85

accuracy ©.83 247
macro avg ©.83 ©.83 ©.83 247
weighted avg ©.83 ©.83 @.83 247

O @l 4o gana o SMOTE aladiud sy )l 5 jad 4 jylss ol @ (16) Jsil
SR 5 Gyl Ae pana ) Lgasads

& LS 66.72% sl 48Nl s Stratified K-fold Cross-Validation I gukai aie
(17) Jsa

print("Accuracy: Z.2Fx%" X (results_skfold.mean()*1060.6))

Accuracy: 66.72%
) AN B ad dse 54 Ao Stratified K-fold Cross-Validation gt : (17) Jsad
paei (g gy il Ao gaaa JS cilily gl

b Ay i) A4lad) dga ) 55
Ul e gena Ao SMOTE aladial aey &) il Ll dua) ) sa &0l mia g (18) Ja
LA 5 )Y de sene (M Lgapad () 9y

print (metrics.classification_report(y_test_res,y_ pred_test))

precision recall fl-score support

@ 8.9 2.91 2.94 81

1 @.88 2.85 2.87 81

2 a.86 2.93 2.89 85

accuracy 9.99 247
macro awvg a.9e a.9e 9.99 247
weighted avg a.9e a.9e 9.99 247

Oy Slibul) e gaaa Ao SMOTE aladind say 40 gdad) Llad) 4l o8 gili = (18) Jei
SR 5 Gy Ao gana ) gt

& LS 78.70% (gl 480 wils Stratified K-fold Cross-Validation i Suki aie g
(19) Jan

print(“Accuracy: %Z.2f%%" % (results_skfold.mean()*100.0))

Accuracy: 78.70%
A pdall LY dse s Ao Stratified K-fold Cross-Validation gt : (19) Jsa
praeall (92 ilill) Ao gana S8 il il g5 2y
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precision

(%)
1
2

accuracy
macro avg
welghted avg

0.
Q.
.,

Q.
Q.

77
73
76

75
75

recall

9.84
©.51
0.92

Q.75
9.76

: Naive Bayes i j ¢
bl 4o gane Je SMOTE aladiul 2y Naive Bayes 4uc ) 3 il min gy (20) JSA

DLEAY 5 ) e gane () L (5

print (metrics.classification_report(y_test_res,y pred_test))

fl-score support
0.80 81
0.60 81
Q.82 a5
.76 247
0.74 247
0.75 247

O% @bl de gaaa Ao SMOTE aladiul 2y Naive Bayes i i sa il ¢ (20) Jid
SR8 5 Gud A gane () Lganaad

G WS 72.78% sl Aa s Stratified K-fold Cross-Validation — @Gk xie

print("Accuracy:

Accuracy: 72.78%

6. 2 F%%"

(21) e

% (results_skfold.mean()*100.0))

Naive Bayes 4w, sa e Stratified K-fold Cross-Validation gt : (21) Js&d
piaalll gy lild) Ao gana JSt ilily 3l g5 2y

: SMOTE <JA$LA\MQ£ﬂQpJJL¢u\E§tﬁ‘Ja$lA
D el Lgad) 31 imeialy SMOTE &ipyh Gkt o355 padle e g (2) Jsanl

G DAL SMOTE 4yl (gaki uilis padle i g (2) Jsiad

The | Algorithm | classes Micro | precisio | recall F1- | Accuracy

Way avg/ n score after

accuracy validatio

n

First Random 0 0.82 0.90 0.84 0.87 No

way Forest validation
1 0.73 0.75 0.74
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2 0.82 0.86 0.84 occure
Macro avg 0.82 | 0.82 0.82
Decision 0 0.68 0.74 0.80 0.77 No
Tree validation
1 0.54 0.54 0.54
occure
2 0.74 0.68 0.71
Macro avg 0.68 0.68 0.67
Naive 0 0.74 0.90 0.87 0.89 No
Bayes validation
1 0.69 | 0.45 0.54
occure
2 0.65 0.91 0.76
Macro avg 0.75 0.74 0.73
The | Algorithm | classes Micro | precision | recall F1- | Accuracy
Way avg/ score after
accuracy validation
Sec Random 0 0.90 0.96 0.91 0.94 78.70%
ond Forest
1 0.88 0.85 0.87
way
2 0.86 0.93 0.89
Macro avg 0.90 | 0.90 0.90
Decision 0 0.83 0.89 0.88 0.88 66.72%
Tree
1 0.76 0.79 0.78
2 0.84 | 0.82 0.83
Macro avg 0.83 0.83 0.83
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Naive 0 0.76 0.77 | 0.84 | 0.80 72.78%
Bayes
1 0.73 | 0.51 | 0.60
2 0.76 | 0.92 | 0.83
Macro avg 0.75 | 0.75 | 0.74

 Clma gil) g pilidd)

Jead s 5 2 Juadll po haid 42 o f1 5 precision ¢ recall ad of (1) dsaadl e Jasdis
G Ll bl o3 $ane G @l 5 Jiliadl) Ay ae sam 5 seay Ll Y zdsalll G Aded)
sl ohal s I 5 Jileadll JS 3 4l i)} SMOTE  ahadiad a2y 5 (2) Jsanl)
toh LS @l ) sal) &8y cuinad Gy SMOTE aladiad aey oelal s o liy i 31 73 gl
o« Naive Bayes 5 0.68 ' 0.62 (o 1l 5,58 ¢ 0.82 N 0.68 (1o 4 siall a5l
- JaadY) A sl L) A3l s culS g ¢ 0.74 1 0.65

(A5 Angiall iy SMOTE alasial any byl sal) 4 3 50l 3,80 of moals g LS
ad cills SMOTE aladiud aey ia 4 1aadl Gl ¢ oY) dagiall aladiuly dialdl as 4e
e we s Sy alely ol 2dgalll o i e o 1 Jaaidll o JNV s precision s recall
& Aaany D lelety ol Ol ey o ) @lld (e a8y MO Jaw i) o1aY) ey 3 Juaadl
ALY ey Adang a8 | ,la0 ol L
Y lale Jom ¥ Al il Gl oK1 dadfje culS 4l Lagiall uun SMOTE Gk il
Sl o SLEY) Als e 8 i Agleny ash o 23salll many o 4Q ) o3y SMOTE alasil
Stratified K-fold @t of a3l (2) dsaadl e 5 ¢ a2 LSy e ol o5
Gaskai any le Jaasidl) agilly 45 jlie Lnidie af cihel Ll Cua @lly s Cross-Validation
- Al Lngiall
Lagiall iy SMOTE ahadiu) 58 73 gaill 255 5 aanail 48 yha Jundl o M iald) Gald Lia e
pda il Caws Ly JumdY) b Laloely 4 sdial) BARN Al sd aladiud A (e 5 Y
5 ale Sl laolaie) 5 @bl de sene 3 deaiiud) Glawdl Jle Jsmy of (Sa 4dde 5. dul
Al clily 5 Al clls 8 alasiuY) g Gadaill 6
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