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o ABSTRACT O

The great increase and huge growth in the volume of data, especially in the
revolution of technology, has made the process of knowledge extracting more difficult
and complex, with the use of traditional methods and techniques in analysis and
searches. There is an urgent need to rely on smart technologies and new tools to
analyze huge data warehouses and transform this data into information and cognitive
Patterns useful in interpretation and making the right decisions, including Data Mining
techniques and algorithms that have had a great role and importance in the information
industry and optimal use of data.

This research sheds light on classification algorithms and their role in classifying
educational, data and predicting unknown descriptor values, especially the Naive
Bayes and the J48 decision tree and Random Forest algorithms. By evaluating the
performance of these algorithms based on a set of parameters and comparing the
accuracy of their classifiers in predicting the level of schools in its three stages (1. Il -
I11) and categorizing them to a Good or Bad level. This is in in an attempt to monitor
the performance of these educational institutions and work to develop it because of its
essential and effective role in the advancement of society and its advancement to the
highest cultural and scientific levels.

The results of this study, which was applied to a data set containing 396 schools,
each with 21 traits, using the WEKA program, showed a great performance of the three
algorithms in terms of high accuracy, which achieved rates higher than 92% for each
of them and a very low error rate. With the superiority of the Naive Bayes algorithm
over the J48 and Random Forest algorithms. This is in classifier accuracy, which
reached 94.94%, and classification speed.

KeyWords: Data Mining, Classification Algorithms, Prediction, Naive Bayes algorithm,
J48 Decision Tree algorithm, Random Forest algorithm, WEKA, Accuracy, School Level.
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@ATTRIBUTE school-id NUMERIC
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EDATR

i,"firsc"”, "nearby”",100,90,10,3,0,95,5,13,2,76,80,"yes", "no", "ves", "no", "yes", "yes", "good"”
2,"second”, "center",85,80,20,6,1,83,17,15,1,85,95,"yes", "yes", "yes", "yes”, "yes", "no", "good"
3,"third", "nearby”,130,60,30,15,0,55,45,14,0,73,70, "no", "yes", "no", "yes", "no", "no", "bad"”
4,"first”, "nearby”,120,97,3,3,1,100,0,13,3,95,95,"yes", "yes", "no", "yes", "yes", "yes", "good"
5,"second”, "far",95,88,10,2,0,70,30,14,0,87,70, "no", "no", "no", "no", "yes", "no", "bad"”
6,"third", "center",135,90,6,3,1,95,5,18,2,97,96, "yes", "yes", "yes", "yes", "yes", "yes", "good"
7,"second”, "nearby”",180,70,30,12,0,65,35,20,0,65,70, "no", "yes", "yes", "yes", "yes", "no", "bad"
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Ll e s

:(6) JA A emge g WS

| Preprocess | Classify | Cluster | Associate | Se

Classifier =
CThoose 348 -C 0.25 -M 2

Test options

) Supplied test set Set...
¢ Cross-validaton Foids 10
_» Percentage split %o 66

More options...

Mom) Schooldevel ~

Start Stop

Weka (3 cuaill cilily 4o sane lo Ciluatlll ciliallsd (Gask (6) Sl
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:Training uil) sy 5.4.1

teuail) alily clegana Ao J48 4 led ki 5.4.1.1

any dllyg) Adaly 20 5 Jaw 297 (0 G Sall cuppail) Gl e sene o JAB 1A B Aa) )led Gaudaly L
(B lsad) elafl e s O il je (b Aol Ladudll G Jis lly School-Id dalll Cada
—lild) sacl ) 4 5 G Caldll clysinal Chany malind) dgals aual dua (7)) JSAl 8 dauaall;
clial gl e Rdealy JSy (3l Ailian) Cilagles de sane g (Do) 220~ lasae s ciliialgl) de sane

Preprocess | Classify | Cluster | Associate | Select attributes | Visualize

Open URL... | Open DB... | Generate... | Undo Edit... | Save...
Filter
Choose ‘None || Apply
Current relation Selected attribute
ion: School-Le | ka.filters.unsuperv... Attributes: 20 Name: stage Type: Nominal
Instances: 297 Sum of weights: 297 Missing: 0 (0%) Distinct: 3 Unique: 0 (0%)
Attributes No. Label Count Weight
Al None Invert Pattern 1| first |os |96.0
L 2|second | 102 |102.0
3| third |ER |9s.0
No. Name
1 M stage ~
2| JLocation
3|[INstudent
4|[_[Attendance-rate - -
S|[_|Absenteeism-rate Class: Schooldevel (Nom) v Visualize All
6| _INdisciplinary-cases
7|[_INRewards
8|[_JPassrate
9|[_IFail-rate
10|[_|NTeachers
11{[ JNT-training
12|[ JCurriculum-completion
13| JCompliancedaws <
Remove
Status

OK | Log cxo

Classifier output

Time taken to build model: 0.06 seconds

=== Evaluation on training ser ===
e SUTMATY e

Correcrly Classified Inscancea 292 98.31¢65 %
Incorrectly Classified Instances S 1.6835 %
Kappa statiatic 0.9663

Mean absolute error 0.031s

Root mean squared error 0.1255

Relative absclute error 6.3047 &

RootT relative squared error 25.1091 &

Coverage of cases (0.95 level) 98.6532 %

Mean rel. region size (0.95 level) 50.6734 %

Total Number of Instances 297

o) clily e j48 diajlsd (guldl oo @il ciilail) 7 igal 1(8) Jodd)
Adadl) Gliiaill Joa Glaslaa Je i)Y 28 60a0 g4ia5 :confusion matrix dls ) ddgiaa
& Bagasall bl aladiuly ale 0 Lada) oda el i o Cun Capiail] alai Lgy asly Al a8 gl
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A ) et ills JA8 1Al Bad 3 pel Y] Asona o (9) IS sy (b siaaall

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure ROC Area Class

0.973 0.007 0.993 0.973 0.983 0.98¢6 good
0.993 0.027 0.974 0.993 0.983 0.98s6 bad
| Weighted Awvg. 0.983 0.017 0.983 0.983 0.983 0.98s¢

=== Confusion Matrix ===

a b <—— classified as
144 4 | a = good
1 148 | b = bad

TP=144, FP=4, FN=1, TN=148

- TP rate for class good (a) = 144/(4+144) = 0.973

- FP rate for class bad (b) = 1/(1+148) = 0.007

- TP rate for class good = 148/(1+148) = 0.993

- FP rate for class bad = 4/(4+144) = 0.027

- Average TP rate = 0.983

- Average FP rate = 0.017

- Precision for class good = 144/(144+1) = 0.993

- Precision for class bad = 148/(4+148) = 0.974

- Recall for class good = 144/(144+4) = 0.973

- Recall for class bad = 148/(1+148) = 0.993

- F-measure for class good = 2*0.993*0.973/(0.993+0.973)= 0.983
- F-measure for class bad = 2*0.974*0.993/(0.974+0.993)= 0.983

Al il 7 dsalll (e ilidg

98.31% 4wuiy 292 s JS lghiad o3 Al Slikdl e @
1.68% oy 5:pala JSs \giniat & ) lill) 3e
0.06 seconds :zisaill oLy adjivl Al Gaill =

:[4] A8l 385 wniAccuracy 48yl =
Accuracy=144+148/144+4+1+148=0.9831= 98.31%
:[5] Alal) (385 Cuwaiy Sensitivity duluall =
Sensitivity=144/144+1=0.9931=99.31%

:[6] ADlall 335 oty Specificity Avagadll =
Specificity=148/148+4=0.9736=97.36%

(8] Al 385 avnys Uadll Jane @
Error-Rate=4+1/144+4+1+148=0.01

106



Tartous University Journal.eng. Sciences Series 2022 (5)232]l (6) dlaall dsuxigll o glall @ (s sha jla Zaala Alas

teudill clily cilegana Ao Naive Bayes 4w jlsd guki 5.4.1.2
Juani (10) IS 8 minge 9o WS il Glily de gens e Naive Bayes canaill du))lsa Gadaiy
Al lll) e 3 ALY A ghany Coiaill Figes e

Classifier output
Time taken To build model: 0.04 seconds

e Evaluation on training JIet =
e SUMENA Y'Y =

Correctly Classified Inscances
Incorrectly Classified Instances
Kappa sctati=tic

Mean absolute srror

N
0

JOOWWOoOOOWMN
b
N
9
]

98.316S =
1.6835 %

Root mean sguared erxrxror

Relactive absclute error 3794 =

Root rTelative sguared error 2 S437 »

Coverage of case=s (0.95 level) 2 3165 =

Mean Tel. region size (0.9S level) s *

Total Number of Inscances 29

——— Dectalled Accuracy By Class www-

TP Rate FP Rate Precision Recall F-Measure ROC Area CTlass>

o.98& 0.0z o.98 o.9e6 0.983 0.996&6 goocd
0o.98 ©.014 o.98s o.95s2 o.983 0.996 bad

Weighted AvVg. 0O.983 0.017 0.983 0.923 0.983 0.9986

—— COonfusion MAaTtIrix s

a o <== classified as
146 ~ s | a = good
3 146 1 b = bad

Gl clily e Naive Bayes dujlsd (i oo gilll i) £ 3gai :(10) Jsid)
98.31% 4y 292:mnia 5 Lediali o5 Al Ll 22
1.68% dy 5:pdala (S Lednaal 23 Al bl sae =
0.04 seconds :z3gaill ol 48 yainl ) o)l =
TP=146, FP=2, TN=146, FN=3 t Y Aghas an Caall 4F  w
Accuracy=146+146/146+2+3+146=0.9831= 98.31% :Accuracy iyl =
Sensitivity=146/146+3=0.9798=97.89% :Sensitivity iuluall =
Specificity=146/146+2=0.9864=98.64% :Specificity dsagpaill =
Error-Rate=2+3/144+4+1+148=0.01 el Jane w
tquail) cilily cilegana Je Random Forest 4. )sd auki 5.4.1.3
Aghiany Ciiaill 7ol e Joast (il Glily de gense JdeRandom Forest caiaill 4 )lsa e,
f(11) JSal) 3 mage a0 LS LS,Y)
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Time taken tec build mcdel: 0.08 seconds

=== Ewvaluation on training set ===
=== Summary ===

N
o
~J
[
o
o
w

Correctly Classified Instances
Incorrectly Classified Instances
Kappa statistic

Mean absclute error

Root mean sguared error

Relative absolute error

Root relative sguared errcr
Coverage of cases (0.95 level)
Mean rel. region size (0.95 level)
Total Number of Instances 2

[ =]

.o0ogs
-0471
.7548
.4283

=
w no

-

NOWwEO
w oo

-6936

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Measure RO
a5 1 1 1
1 1 1 1
Weighted Avg. 33 1 ¥ 3

Area Class
good
bad

000
P RO

=== Confusion Matrix ===

a b <-—- classified as
148 o 1 a = good
0 149 | b = bad

Gl clily JeRandom Forest 4l (gabai oo gillll civiall) zigad :(11) Joil)
100% Zonis 207 :7mnm IS5 lgiioss 5 ) il e o
0% dois 0:bla <8 lehioms 5 ) il se @
0.08 seconds :z3sall ¢l adyivl 3 3l =
TP=148, FP=0, TN=149, FN=0 G Y] A ghias (paa Caraill od @
Accuracy=148+149/148+0+0+149=1= 100% :Accuracy 4&| =
Sensitivity=148/148+0=1=100% :Sensitivity Luulusll =
Specificity=149/149+0=1=100% :Specificity iuapaill =
Error-Rate=0+0/148+0+0+149=0 adl) Jaae  m
:Testing _LiaY) dds e 5.4.2
paad & Ay LAl el Caialll miges anfly agfin pulaall gsiee Caial e b))l s ey
o 99 e i SaliTest Dataset Laay) cilily de sane Gaca Golaall (e de ganal Jsgadll (5 gisall
D OREAY) clily clegana Ao J48 4 jlsd 3k 5.4.2.1
A ) e Jean JLEAY) e pane e Ll it 3 J48 Ll 1t B s 1ol Ll
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Classifier output
Time taken to build mcocdel: 0.02 seconds
=== Ewvaluation on test set ===
=== Summary ===
Correctly Classified Instances S22 92.9293 $
Incorrectly Classified Instances 7 7.0707 S
Kappa statistic 0o.8587
Mean absoclute error 0.0851
Rocot mean sSguared error 0.2639
Relative absclute error 17.0143 S
Rcocot relative sguared error SZ2-T7T7X1 %
Coverage of cases (0.95 lewvel) 92.9293 s
Mean rel. region size (0.95 level) 50.50S51 =
Total Number of Instances as
=== Detailed Accuracy By Class ===
TP Rate FP Rate Precision Recall F—Measure ROC Area Class
o.9 0.041 0.957 o.9 0.928 0.919 gcod
0.959 o.1 0.904 0.959 0.931 0.919 bad

Weighted Avg. 0.929 0.07 0.3931 o.s29 0.929 0o.3819
=== Confusion Matrix =—=

a =3 <—— classified as

45 5 1 a = gococd

2 47 1| P = bad

JLEAY) @il e j48 Lualsd b oo @l i) gisad :(12) Jsd
92.92% dasiy 92:zmin ISy lehiai 5 Al Clill) 22e @
7-07% donsy Trpdala S5 Lediaas 3 Al clild) e
0.02 seconds :z3gaill ol 48 yainl ) cpe)ll =
TP=45, FP=5, FN=2, TN=47 ;LY A ghan (e Caiaal) ad W
A (335 caaad Ally (10) JS&N (8 ALY ddiias e Lelualdi daiasally Accuracy 43d) =
Accuracy=45+47/45+5+2+47=0.9292=92.92% :[4]

Sensitivity=45/45+2=0.9574=95.74% :Sensitivity uuluall =

Specificity=47/47+5=0.9038=90.38% :Specificity dipasaill =
Error-Rate=5+2/45+5+2+47=0.09 ol Jaee =
el (e il ol AT b Fasiinndly T sl 08 (e Ruadl UL s (13) JL1 gy LS

Tree View

_P______<=s=3!!l !g>33i

 madaol

=12 =12

== 598 t

= 598

Zaalil) j48 LAY 8, 1(13) Jed
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1 LAY clily cilegana Ao Naive Bayes 4w lsd suki 4.5.2.2
Uliaa (el (g5iua canieal & Ly Aulyng HloaY) @lily de geas e naive Bayes duw) s Gulay
 Ja sl 2 3pa e

Classifier output

Time taken to build mocdel: 0.01 seconds

=== Ewvaluation on test set ===

=== Summary ===

Correctly Classified Instances o4 94 .9495 =

Incorrectly Classified Instances 5 5.0505 s

Kappa statistic 0.899

Mean absclute error 0.05086

Root mean sguared error 0.2247

Relative absclute error 10.1214 S

Root relative sguared error 44.9453 =

Coverage of cases (0.95 lewvel) 94.9495 §

Mean rel. region size (0.95 level) S0 =

Total Number of Instances 99

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precisiocon Recall F-Measure ROC Area Class

0.94 0.041 0.959 0.94 0.949 0.957 gcod
0.959 0.08& 0.94 0.959 0.949 0.9&8 bad

Weighted Avg. 0.243 0.05 0.95 0.949 0.949 0.9862

=== Confusion Matrix =——

a b <—— classified as
a7 = T 1 a = gococd
2 47 | b = bad

LAY clily e Naive Bayes duaj lsd (gabii oo guilil) sl g dgai :(14) Jsil)
A ol i) A peitias
94.94% sy 94ina IS0 i & Al llyll 2w
5.05% oy S:p bl S lgdiat 2 Al clilll sae w
0.01 seconds :zisaill ¢l adjinl A (e =
TP=47, FP=3, FN=2, TN=47 ALY B ghian aca Carinaill oF @
Accuracy=47+47/47+3+2+47=0.9494=94.94% :Accuracy 4ai) =
Sensitivity=47/47+2=0.9591=95.91% :Sensitivity iuluall =
Specificity=47/47+3=0.94=94% :Specificity dpapadll =
Error-Rate=3+2/47+3+2+47=0.05 adll Jaee @

1 LAY clily cilegana JecRandom Forest 4. lsa (ki 4.5.2.2

o blass i) Glily desaase e Random Forest ailsiall dalall 40a) )lsa Gukaiy Lid Jpals
1(15) JR& A mase o WS ap Aaldl) AlyY) ddghiany Al Caail) g0l
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[Classifier output

Time taken tco build model: 0.05 seconds

Evaluation on tesSt sSet =—=
S et

Correctly Classified Instances S3 93.9394 =

Incorrectly Classified Instances L3 €.06086 =

Kappa statistic o.87&8

Mean absclute error 0.0&286

Root mean sguared error 0.2344

Relative absclute errocr 12.5248 3

Root relative sguared error 46.8808 =

Coverage of cases (0.95 level) 95.9596 =

Mean rel. region size (0.95 level) 52.5253 s

Total Number cof Instances 99

=== Detailed Accuracy By Class ===

TP Rate FP Rate Precision Recall F—Measure ROC Area Class

0.92 0.041 0.958 0.92 0.939 0.957 gocod
0.959 o.08 0.922 0.959 0.54a 0.3857 bad

Weighted Avg. 0.939 0.086 0.94 0.939 0.939 0.957

=== Confusicn Matrix =—=

<—— classified as
good
ad

4 a

i<

N

i =3
4 |1
7 |

4

LAY clily Ao Random Forest 4 lsa (gaki oo guilil) sl g dgai :(15) Jeil
A Cagail) L) A eitios g
93.93% 4wy 93:mama IS leial & Al bl 22
6.06% 4y 6:hla JS& lghnaat 2 Al Glila) se ®
0.05 seconds :z3sall ¢l adjinl A (e =
TP=46, FP=4, FN=2, TN=47 rlY) A ghas Gacn Ciall o8 @
Accuracy=46+47/46+4+2+47=0.9393=93.93% :Accuracy 4sa =
Sensitivity=46/46+2=0.9583=95.83% :Sensitivity iuuluall =
Specificity=47/47+4=0.9215=92.15% :Specificity iuasaill =
Error-Rate=4+2/46+4+2+47=0.06 adll Jaee @

A8l c_at'ul\ .6
Random  J48 5 Naive Bayes caiaill il ylsal caiaill miliiy andill <l eyl de gane ol Glusyg
il Y llag Hlaa¥) clily e oplidly il clily e alaeWh zisall oy laye s Forest
1 (3) 5 (2)clsnll B Asia gl
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JREAYS il (il B DAY Ciiuall el o I (e ol g JSdy Aivaal) cliball 1(2) Jssad
Training set Testing set
Classification Correctly Incorrectly Correctly Incorrectly
algorithm classified classified classified classified
J48 | 98.31%(292) 1.68%(5) 92.92%(92) 7.07%(7)
Random Forest | 100%(297) 0%(0) 93.93%(93) 6.06%(6)
AVl Gl ilage (b it bl lod 6130 pd Clially 1(3) Jsaad
Classification Training set Testing set
algorithm
s Specificit | Error- | Modelin T Specificit | Error- | Modeling
accuracy | Sensitivity . accuracy | Sensitivity .
y rate g Time y rate Time
J48
98.31% 99.31% 97.36% 0.01 0.06 sec | 92.92% 95.74% 90.38% 0.09 0.02 sec
Naive Bayes
98.31% 97.89% 98.64% 0.01 0.04 sec | 94.94% 95.91% 94% 0.05 0.01 sec
Random Forest
100% 100% 100% 0 0.08 sec | 93.93% 95.83% 92.15% 0.06 0.05 sec

Winy (8 daadinal) il Sl ylsd (e alaie Yl Guylael) (g5ine Cayiail 45803l il maa g

bl omia IS0 dilad) bl se G (e Gisluis 48 5 Naive Bayes i)l

Laa)lsd 3580 Cpa 8 98.31% ) Jas A8y oyl il Ao same Gl 8 £ 13V puity (Dlas
Aajye & W 100% I Jusi 383 capaill dlaye b oiiilad) (i ylall e Random Forest
4y 4 Random Forest 4u))lsay J48 4w lsa e Naive Bayes 4w lsa (38 LDl Loy

oe 2% o)8 3y 94.94% ) Naive Bayes dw))lea 483 clliay dus HUAY) lbily Cayial

:(16) JS&ll & mage o LS Random Forest e 1% 5 J48 4 )lsa
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- *\\\\ s
-0

SRV ) e B EAY cliaj il gt 3 Cidatl 3Ba 1(16) Joi
T B a8 o] pn aali g O e Al da peadlly dpuliall e S o i
Naive 4uj)ls (s Ladl (Lagualitaly (aidds Gojio)ll) (o ded il adip dua) milll Cayiail)
(17) JSa&l) i mase sa LS Laf Bayes

W Sensitivity ® Specificity
100% 95.74% - 95.91% 94.00% 95.83% o

0%
BO%
70%
60%
50%
40%
30%
20%
10%

0%

148 tree Nawe Bayes Random Forest

EOEN clai i) a1 JLEAY 7 dgall Lragadlly Apalual) (e S a 1(17) JSi
G (18) Sl (ge 1aadls Ly palad) Gl z3sal oy A Ayej s S adjiins A ol (el

o8 ey LAYy capaill Jlaye 3 j48 5 Random forest iwylsa (e gyl Naive Bayes i) lsa
™ 0.01sec 5 il 0.04 seconds
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0.1 Modeling Time = Training set

0.09 M Testing set

0.08

J4Btree Naive Bayes Random forest

COA @l lsdd) B (e o)ldlly Cisiall) 7 igad Uy By M) Gl :(18) Jod

tGlagilly alaliti N .7

Tan agall (o Gl painall 3 ykailly il 585 o Apbid 8385 (gpasily ol Jlnall ey
DIl (siuse a3 DUA (e L jashiy g Ll Slendl s el Cilsussall 538 6131 8150
o Jlad < laysn dules 8 Aie a3 JSUaally calpluad) de sane Ja Alglae g EDN Lglalyay
lajalsS iy inty (AY) pulaall cililad) o Sl ALYl ey Lol e 2oy Jis 2l
ol sl Jladll 13 b Lagy Jumi) oyl

ASiynaely Byl i A Libiey lsas bl 8 caiil) clid pe dale 5yla Aulyall o3a e
Sl Lo S S Cun (Sl o 58 Sl e Ly guilly gl L) e Caisl
A JS Jae ddlRandom Forest aglgiall lally J48 )5l 325 Naive Bayes Cayail)

s Omeld ia U Goladl (ssime Cheai b Loy il lsal) o2 e S slaf Ay
Gl leadl IS Caatl) 3 e ol il cujelal ¢ HLaa¥ls capaill laye (385 bad; s good
iy dpad)) Ul e ddlide g5l ae daladl LlSaly 92% (e Jil 8y Lie of @ias ol ey
aSlgind (A paddiall cdglly Alal) Canaill 48y Cua (0 Naive Bayes du) il (358 aa (dilaiag
-.Random Forest 5 J48 da))lsas 43l 4y culilyll Casaig mdgaill ol dilac

A sl a5y Aaiillyg

k-Nearest Neighbors Jis Gajlaall (ssise aaad 8 (Al Cayial Gl )yl aladiu <>
Ael] llagh Al Gl jlsad) 48y e Lgfhs 43)laas

aaa ae ol (ssiue Al & Uiny G deddieall Conall bl ol Ay >
Ao JS el e claalgl) aaey bl ana 556 (a0 Ayl LT ciliialy ey adial iy

S5 Agalad AT Gliialy e ) dglly dgal) Goplaal) Jedi) Alal) duhall g &

<5 5uall (u:é'l ‘:A
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