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ABSTRACT

The objective of this research was to study and analyze key features affecting the effectiveness of English
language learning among undergraduate students. This research utilized data mining techniques and machine learning
algorithms to compare the effectiveness and accuracy of the Decision Tree and Random Forest Classifier Supervised
Machine Learning algorithms. The Faculty of Geoinformatics at Burapha University Academic year 2018 - 2020 consisted
0f 299 students. From this department, a survey was used to collect 32 attributes for data mining and analysis. The Content
Validation Index used to calculate content validity in the questionnaire, and was greater than 0.7. The Decision Tree and
Random Forest Classifier performance were evaluated using a 10-fold cross-validation method with a data ratio of 70:30.
Accuracy, Precision, and balance (F1 score) with Confusion Matrix format was used to interpret and analyze the results of
the data models.

The results indicated the data model developed with Random Forest Classifier produced a higher classification
accuracy for students' English performance than that of the Decision Tree algorithm. The Random Forest Classifier
produced an accuracy of 85.14% in classifying students' performance based upon a set of attributes in a given dataset,
whereas the Decision Tree produced an accuracy of 78.0% using the same dataset. Random Forest Classifier produced an
attribute ranking and correlation coefficient metrics to measure relationship strengths between student grades and other
attributes. It found that students that enjoyed learning English had a 0.1194 correlation to the students' English performance.
Asking teachers immediately when they didn't understand the content of the lesson had a correlation of 0.1149 to the
students' English performance. Interest and attention to English showed a 0.0884 correlation to the students' English
performance. Students that studied in groups to review English lessons with friends when the exam was approaching had a
correlation of 0.0864 to students' English performance. Students that invested extra time into research and studying English
beyond the classroom had a correlation value of 0.0747 to the students' English performance. Each of these measurements
was the result of calculating the characteristics that affect English language learning in a University environment. This
academic research can help to improve undergraduate students' performance when learning English and can help professors
to understand how teaching methods can impact student performance.

Keyword: Data Mining, Decision Tree, Random Forest, Academic Efficiency, Learning English
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F 23 Yes urban B 0 No high moderate moderate moderate Yes No No No mod
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F 19 Yes rural B 0 No little very little moderate little No Yes No No high
F 20 Yes rural C 0 No moderate moderate moderate moderate Yes Yes Yes No very|
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M 20 Yes rural C 0 No moderate moderate very little very little No No Yes No med
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F 23 Yes urban C 3 No very little little very little very little No No No No med
F 23 Yes rural C 2 Yes moderate  little moderate moderate Yes Yes Yes No high
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INNINN 3.2 Llﬁﬂ\iﬂ”liﬂ‘iﬂllfm‘llﬂéﬂalli‘)umﬂUﬂWEI”I't‘Nﬂf]‘HﬂﬂﬁﬂJﬂLWi‘)iﬂ@Qiugﬂuﬂlmﬁ]S“IJ”IlI”I'JLﬂfﬂzﬂﬂ'JfJ
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Lﬂﬂuﬂl‘l’iu'ﬁ]\?"llf]ll”allﬂ YNAIDYINLTU "’Uﬂlluﬁl,Wﬁ‘])"]El!Lﬁgl,WﬁWiy)\? uJaEanu Male 119¢ Female lﬂaﬂuﬂ']ﬂﬂ'l@]'f]ﬂ 5

o = S . . . . =
sea ooun e hunatrs uin uagnInnga 11u Very little, Little, Moderate, High 1188 Very high Hudu Tag

azideagadoyaniSuud lunowindrg Tsunsu naasdanisne 3.1

A A (2 0o < = a o ) o
1319 3.1 "]qfﬂglgllﬂﬂga (Dataset ) VILﬂEJ’J‘lsl}E]\iﬂ‘]Jﬂ’NJJZ’ﬂ!ﬁinNﬂﬁliﬂu’J"IﬂfﬂHTE‘Nﬂﬂ}lﬁiﬁiﬂi%}ﬂﬁgﬂ’mwﬂ{l}ﬂy]ﬂ

o o a J d' % v
AN fMedue mndSuud
GENDER AU NANE {F, M}

AGE 91gURITNANYT {numeric 18 to 25}
=1 a 4 a d & Y1 %
H-COM neunuaesiazduaesiialysaiuay {yes, no}
[ [
LOC anvazNawesthuoegeids {urban, rural}
ABSENCE TIUIUMTUNIAGEIUITINHIOING {numeric 1 to 10}
S-ENG FOUNAYIFINEIBINGY {yes, no}
F-TIME narannmsizen (liivaahauieevsoriay {very little, little, moderate,
Munsemsueunn) high, very high}
H-FREQ nadmsueen lilinerduion {very little, little, moderate,
high, very high}
S-STUDY nandmsudndun B8N EAIeAUBY {very little, little, moderate,
high, very high}
o A A "y & A a . .
A-PROF awesenuiidle it ladiemniFeu {very little, little, moderate,
high, very high}
E-PLAN TNUHUMTIEIUNHIOING Y {yes, no}
P-SELF IR INeUINIT U INNHIBINY {yes, no}
@ Y A A2 a
S-FRIEND youlalnda teunaslaizou {yes, no}
A A | ' a A Yo @
F-FRIEND Tiowdusana ednldinyzauoingy {yes, no}
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AMANHAE Aese misud
I-ENG ﬁu“l,ﬁ]uaz@%ﬂ%ﬁau‘iﬁmmy1€Qﬂqy1ummzﬁmmﬁ§ﬁau {very little, little, moderate,
high, very high}
T-NOTES %ﬂﬁuﬁﬂ@lmﬁm%ﬁifﬁ R} {very little, little, moderate,
high, very high}
A-QUE poumnuluynZFouNHIBINgY {very little, little, moderate,
high, very high}
A-SCHOOL | NUMULNSoUMBIDINgEHANaniTou {very little, little, moderate,
high, very high}
E-RES ﬁﬂyww%ﬁ’uﬂ’iﬁ%ymﬁmamﬁmﬁumwﬁﬂqy {very little, little, moderate,
wenmileanfienidaou high, very high}
G-STUDY fﬁ"]Jﬂ’cjiJ‘Vl‘]J‘Vl’JLI“JJ“VIGEJ‘LlﬂTH15&ﬂi]‘]alﬁﬂ!ﬁﬂmﬁﬂ€lﬂé}ﬁﬂu {very little, little, moderate,
high, very high}
H-EDU ﬂamﬁ’mmiﬁﬂyﬂuixﬁuﬁqe%u {very little, little, moderate,
high, very high}
F-SUPP mIauayUMUMIBouNMEINgEIINATILAS {yes, no}
E-ENG o Hﬂﬁ‘umi i3 ﬂumwﬁﬂqy {very little, little, moderate,
high, very high}
L-IMPROV ’du%f‘wummﬁaﬂqmﬁaﬁmummm {very little, little, moderate,
high, very high}
L-JOB aulaSounuvingy ieoviinuialusuian {very little, little, moderate,
high, very high}
L-PAREN aulaiFeumusangy mnzitluanudosmsvesvions {very little, little, moderate,
high, very high}
L-PASS aulaFeumusingy iledesnsaenr {very little, little, moderate,
high, very high}
L-DAILY aulaSounuoingy e 19403 ludinilss15u {very little, little, moderate,
high, very high}
E-MOV anugulumssumisde gamounsiflunusingy {very little, little, moderate,
high, very high}
L-GRADE M3EeUNMBIBINgBUANUTIATY mszdeans Idinsaia {very little, little, moderate,
high, very high}
L-KNOW m3Feumpisingulinnuding mszmesengueelil | (very litte, little, moderate,
ﬂamimns’ﬁu high, very high}
Grade mi@ﬁﬁ]ﬂmyﬁaﬂqyﬁugmmmuwﬁwmﬁﬂ {A,B,C,D, F}
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Grades by Gender
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Grades by Age
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Grades by H-COM
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Grades by Location
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Grades by Absence

150 GRADE
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200

150
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100
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Grades by Freetime
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Z 8
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— ~ m B wn
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A a ' ' = 1Y Y
NN 3.11 ﬂiTV‘Iﬂ1W!1EfJ‘]J!‘ﬂfﬁJi$w’ﬂ\u'JaTJ'NEU”IﬂﬂWﬁlﬁfJu (F-TIME) ﬂﬂﬂmaﬂymglﬂ1ﬁﬂ18

Grades by Hangout of Frequency
87 GRADE
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5
3 2
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Hangout of Frequency

= a ' o v A oA o o
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Grades by Self-study frequency
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Self-study frequency
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Grades by Ask professor for help
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Grades by English Planning
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Grades by Prepare myself before study

El
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Grades by Sit with friends

s

150

Students
=}
2

Sit with friends

a a ' & y A AP q o o o
NN 3.17 ﬂiTV‘Iﬂ'IW!ﬁﬂﬂ!ﬂ&migﬂ'ﬂ\ﬂiﬂﬂuﬁiﬂaﬂ iounaslaiseu (S-FRIEND) ﬂUﬂmaﬂ‘Hm%Lﬂﬂ’iN'lEl

Grades by Have foreign friends
22 GRADE

200

150
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100

5

o

E

Have foreign friends .

= = oA A < ' a A S Y v o
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Grades by Interest in Egnlish
14 GRADE
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- o~ < w

"
Interest in Egnlish

N = ' (g = a [ A o
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Grades by Take Notes
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23
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Take Notes
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Grades by Answer Questions
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Grades by Study after school
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Grades by Extra research
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Grades by Higher education
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Grades by Enjoy learning english
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Grades by Learn English to improve
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Grades by Learn English for good job
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Grades by Learn English to pass the test
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Leam English to pass the test
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Grades by Learn English to daily life
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Grades by Enjoy English movies
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In [85]: 1 correlated = df.corr()['GRADE'].sort values(ascending=False)
2 print(correlated)
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H-FREQ 0.068769
S-ENG ©.057699
F-TIME 0.049455
E-PLAN 9.044918
P-SELF ©.042225
GENDER 0.041392
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S-FRIEND -0.154396
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In [119]: # Consider correlations only with the target variable
cor = df.corr()
cor_target = abs(cor["GRADE'])
correlated = cor_target[cor_target>8.1]
most_correlated = df.loc[:,correlated.index]
print(correlated)

GRADE
S-STUDY
A-PROF
S-FRIEND
I-ENG
A-QUE
E-RES
G-5TUDY
H-EDU
E-ENG
L-IMPROV
L-JOB
L-PASS
L-DAILY
E-MOV .110849

L -KNOW 132827

Mame: GRADE, dtype: float64

Nelslslslsl]
181739
119383
154396
.212282
224614
.1@3e13
.14e8@9
.113585
. 237841
174530
.221326
.1@5e88
159958

OO0 OO0 0000

v A

A ) o Aa o Y Y o o
NINN 3.37 magaﬂmaﬂymwugﬂﬂmaﬂﬂumﬂﬁvmwmgmmmm‘luiﬂmﬂm Jupyter

3.4.3 a3 1MuuudIas

a = 9 @ A

9
Juaoumsdenlisanessumatdamilesdoyalumsadeamuuiiaosuansuzdngidinane

U

= @

a a a o @ (= ya o Y { o
UszanimumsiGouimnesngeuenindnuiszauiiagaas Taedive1d1ansis Skiearn Y09 Python 1013

5]

° o U 9 J o ] o o ] I 1 [ 9 A 9 o [
MUUATATIUGAVDYANQNAIDYINIIUIU 299 AIDYN pomilu 2 d1u uuuﬂummauﬁaﬁaug 70% FIITUNINIG

Hnaou ($1un 209 A20619) uazgadeyanaden 30% dmsvldmadeuduuudiaes (31U 90 d10619) UAAIN
y 4 I o [ J ¥ %

A 3.38 esninilumsiiruadasidiuiiugiuvesmsnadoudoya (Alls, Karakurt, 11az Melli, 2000) 910114
o a a a o [ a 4

1ApNdaN03 sUIMANA Decision Tree HaZINATA Random Forest 1Msnaaoduazlsumsiiimes uazldgadoya

U 15 Quanbaz (@wls X) Aldnnmsmmanuduiug L%ﬁdﬂsxmumﬁmﬁxﬁ wioumnualifingaian
[ o j’ o K I 1Y o A ) ) a A =3 a

mdanguszauiugveninanyuiugudnyuzihmne @uls v) menmsswunlsz@niammsisouin
o ) Y o K Aa I J = A~ a a = a o =t

Mu19ngy Tastmvua liiinAnyntnsaedunguingnunllszansnmmsSeulmnmusingy uazsiindny,

Ay ¥ - A I =] A ~ a ) o & <
‘Vlhlﬂwam‘il,iﬂuaw] lﬂuﬂquuﬂﬂﬂyTmJNaﬂ”li!,iEJu?lGJﬂﬂ”IHWENﬂi]Hizﬂ‘]qujpuﬂﬂﬂ

41



Mumber of rows,columns in X train dataset: (289, 15)
Number of rows in y_train dataset: (289,)

Mumber of rows,columns in X _test dataset: (90, 15)
Number of rows in y_test dataset: (98,)
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