
2020 the third lnternational Conference
on Vocational Education and Electrical Engineerin

rcvEE (lcvEE)
)ott

NO. 4\51.fln\I?R 1/T)T n1 nn/^Or0

CERTIFICATE
TO:

Yuni Yamasari
as Presenter

in 2020 the third lnternational Conference on Vocational Education and Electrical Engineering (lCVt
With the theme "Strengthening the Framework of Society 5.0 through lnnovations

in Education, Electrical Engineering, and lnformatics Engineering'.

Surabaya, October 3 -4, 2O2O

Chairi
I

E
Prof. Dr. Bam Suprianto, M.T.

tltuEE r l-'Uf{l ESA

rt l{/

-),

ATIANTIS
PRESS

.Dr.B

@IEEE

n

I
P u I ia nto,

n

,w ww
UNESA

,/



l0l0 the lhid Inrcmatioall Coofcreocc otr Vocational Educarion aod Elecrdcal Engineering (IC\CE)

Combining the Unsupervised Discretization Method
and the Statistical Machine Learning on the

Sfudents' Performance
Yuoi Yatrusari

D?srtment of Infonn tics
Universitas Negeri Sunbaya

Surabaya, tndonesia
yuniyamasari@unesa.ac. id

Wiyli Yustatrti
Department of Ilformatics

Universitas Negeri Surabaya
Su&baya, lndonesia

wiyliyustanti@unesa.ac.id

Anita Qoiriah
DepaftDent of hformatics

Universitas Negeri Suftbaya
Surabaya, lndo[esia

anitsqoiiiah@lunesa.ac.id

Hapsari P. A. Tjahluingrijas
Depsrlmmt of Electrical Engineering

Uaivcrsitas Negeri Surabaya
Sumbay6, Indonesia

hapsaripeni@unesa.ac.id

Naid Rochmau ati
Depanment of lDformatics

Universitas Negeri Surabaya
Surabaya, todonesia

naimrcchnswali@urcsa.ac- id

,{6srrocr- the sultrbillty of th€ drt. with the melhod ln the
proce!! of data lulnirg ls very loportatrt to increrse the proces!
perform.oce. Honever, h Educ.doorl D.tr Miniag (EDM),
ttot luuch reserrch hls foculcd oD this field. Therefore. this
study propose! to combine rn unsuD€rvked dfucretlzotloo
method c.lled "equrl wtdth tntervrlr .Dd logltdc reg.elslotr .s
strtlstlcrl mrchhe lerrnlng to iDprove the perforDrrcc o[ the
model relrting to students' prrformrnce. Thc dltcrclizrtion
meahod is perforrDed otr itudent drtr rdth reverd lntervrls,
n.melyi 3-intrrv.l, +interv.l, .rd s-lnte.vrl, Tten, th6e
interval! rrc combined r,rith logirtic aegresslon in two
rcgularizrtlons, nrmely: lasso rnd ddgc. [valurtion ii carried
out on .ll combinrliors. Thc crperimcntrl reaulB lndicrtc that
the highclt performroce, ln t€rms of the accuracy lcvel, li
rchi.v.d by lh€ model codbinirg r &lDtervrl rtrd loglrtlc
regrc3rlon or all regulraizrlion. This comblulion crn incrcase
tha modol pcrformrtrc€ brsed otr the rverage rcaurocy levcl of
rbout J.08{.49 ot lhe ddge reSul.tlrrtlon rnd .bout 4,28{.6
olr the h$o ,cgul.dz.tion.

Lyoords--4tadents' perfomoace, doro n inw rnocdne
Lar Ing, loglstic t.tr.ssio4 t iscretiza,loh

I. INTRoDUCTIoN

Nowadals, almost all cducation institutions cxplorc
information and communication trchnology to enhancc thcir
process, for cxamplc leaming process [][2][3], cvaluation
proccss [4]l5l dcspitc irs sccurity [61. This situation gencrates
massive data pushingresearch about Educational Data Mining
(EDM) U]. The one of popular tasks in EDM is the
classification of srude[ts' perfonmnce[8]. Here, student data
is mined to get information about the students' performance.
Before the mining process is done, methods somctimes are
applied in th€ Ee-processirg stage [9]. They ale the
normalizatioo, feature exfaction feature selection, the
dixretization method, etc. One ofthe objectives is to improve
the performance ofthe system built I0l.

Relating to the discretization method, it is used to
transform the numerical method to a categorical method. Also.
this method changcs the non-standard probability distributior
to the standard probability disaibution. This mcthod is applied
with many reasons as follows: algorithms ofmachinc leaming
requi ng categorical or ordinal variables 0l], the non-
standard prcbobility distributions causing the performance
degradatioD of machine teaming, rhe rEsult of mappiog
smoothing out the relationships between observations because
of providing a high-order ranking of vslu$ I2l. There arc

Puput W. Rusi lamto
Depaftlent of Electrical Engheering

Univ€rsiras N.geri Surabaya
Sumbayq Indonesia

puput$roarti@u'lesa.ac. id

91 *1 -7281 -7 434-1 t201531.0002020 |EEE

Alrthoriz6d li)on3€d us€ llmalsd to: lnslit l Teknologl S€poluh Nopemb€r. DovJrioad€d on Novsnb.r O6.mm d 03:06:01 UTC from IEEE Xdot6. Rg3[i€liom aPpV

two mainstreams of thc discretiiation methods, namely: thc
supervised methods and the unsupert is€d methods. The
methods included in the unsupervised diwretization metbods
alE equal width intervat, equal frequency interval, etc. For the
supewised method, they are adaptive quantizes, chi merge,
prcdictive ralue max. etc. [ 3]

The logistic regrcssion is one ofthe methods in machine
leaming requiring the categorical !'ariables. This method is

$oupcd in thc $aristical machine leaming I4l. As wc havc
known, statistics havc a vcry irnportalt rolc in thc
dcvelopmcnt of other scicnces to draw conclusions, test
hypothcses or thcorics, undcrstand phcnomcna, analyzc
experimcnts, detcrminc dccisions, and so forth. Mcanwhile,
Machine learning, which is one branch of anificial
intelligence (artificial intelligence) is currently continuing lo
expffience growth and increasingly popular. The
development of statislics and machine learning is of coune
because it can not be separated ftom the main faclor. namely
data. Machine leaming has at lesst two main objectives,
namely: solving problems in predicting the firture (uoobserved
evcnt) atrd gaining knowledge lknowledge discovery).
Statistical machine leaming refers to techniques for predicting
the future and getting knowledge from data rationally. To be
able ro get these goals, statistical machine leaming can be the
right tool oI method. Statistics acts as a learning base that
utiliz.es stalistical fieory to inference a.d interprels the
modcls. while machinc lcaming focuses on the use ofmodcls
to prcdict new data. Statistics and macbine lcaming form a

concept called Sta(istical machi[e leaming using logistic
regressiotr models. Logistic regressiotr rnodels are arnong the
models that are ofletr used by machine learning practitioflers

llsl.
Our paper focuses on the exploratiotr of one of the

discretization merhod called 'tqual width interval" and the
statistical ma,chine leaming, namely: logistic regression on the
students' perlbrmance domain.
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Fig. l. The propooed architecture

IL Mrnroo
In this section. this proposed method is depicted in Fig.l.

Here, this architecture consists ofmany stages. They arc as

follows:

Stage l: data ofstudents'vocational high school

This research mine the student data of the previous work
[6]. The student data is collected when the students join the
evaluation process in the eJearning system. Thc data consists
of 5 Gatures that are exhacted from l0l features of the raw
dataset. They are as follow's: Done, PercentTrue, Time. Hint,
and Score which having the numeric data type.

Stage 2: the exploration of the unsupervised discretization
method

In this stage. we apply the unsupervised discretization method
called "equal width interral" with fomtula as follows:

(value -value I
p = rpax mm' (l)

k
Where, W: width of an interval, k = the number of intervals
which can be determined manually. F-or the range threshold

onvahe^rn+iw, whcre,i =1,...,k -l , each range can be

defined as follows:

value r6n + w,, value *in + 2u',.... va lu e *in + (/r - I )u (2)

We divide student data into some intervals, namely: 3,4, and
5. Then we definite as 3-interval, 4-inten'al, and S-inten'al.
This stage is done to know how many of the best intervals are
implemented on our student data. This information is very
important to the labeling process relating to the students'
performance evel.

Stage 3: logistic rcgression

We combine the rcsult of the previous stage with logistic
regression in this stage. .{lso, there are two regularizations in
the logistic regression, namely: Lasso I I 7] and Ridge[ I 8][ I 9].
We explore all regularizations to be experimented in our
research to reach the optimum result.
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Fig.2. Regression line wilh the highcst correlation on discretization-3-
interval-lasso
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l-i9.3. Regression line with the highest conelation on discrctization-3-
intenal-ridge

Stage 4: analyzing the correlation offeatures

In this stage, we analyze the correlation on all features. We do
one by one ofthe features to observe the correlation between
the one features with the others. This stage also can be used to
evaluate the relevant features to determine the target. Further.
we also do the visualization for this step.

Stage 5: evaluating the model

The last stage evaluates the model built by the cornbination of
the discretization method and logistic regression using the
accuracy level metric. The stagc observes the highest
performance of the model.
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Fig.4. Regression line with the highest corrclation on discretization-4-
interval-lasso
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Fig,6. Regression line with the highest correlation on discretization-S-
inten'el-lasso
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Fig 5. Regression line with the highest correlation on discretizatioo-4-
interval-ridge

III. Rr,suLT nn..o DlscussroN

ln this section, the proposed architecture is executed and
then the result is rnalyzed. There are 2 subsection explained,
namely: the feafures correlation and the performance
measurement. The performance of the model is evaluated
using the accuracy level.

A. The correlation of.features

The first session describes the corelation offeatures. After
the discretization method is applied, we do combine the results
ofthe discretization method using thc logistic regression on
all regulations.

o

Fig.7. Regression line with the highest contlation on discretization-5-
inten?[-ridge

For that, there are 6 combinations, namely: 3-interval-
Iasso, 3-interval-ridgc, 4-interval-lasso, 4-interval-ridge, 5-
interval-lasso and 5-interval-ridge.

Then, we compute the correlation of features on each
combination which is stated with the r symbol. In here. we
only visualize the highest results on the all combinations
depicted in the Fig.2-Fig.7. The general, the combinations of
the discretization method, and the logistic regression on the
ridge regulation correlate higher than others in all cases. In
detail. the highest correlation is reached by 3-interval-lasso,
namely: around r = -0.72. Contrarily. the lowest correlation of
about r- 0.44 is achieved by 5-interval-lasso.
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TABLE t, TI1E AccUeACY IIVET oT THE Con,B[\ATIoN of LoGISTIC REGRESSIoN ,AAo DIy:RETIZAT]oN METHoD WITII 3.L\TEa,VAL

Rcocat treid
l nioins rel rirc 2 s l0 lo t 5 lo t0

85.1 85.1 85.3 85.3 85.3 8{.8 85 {i.1.7 n.l.5

2ty/o tt.6 It4.6 lr.t 6 li.l.6 81.6 8;t.6 li-t.6 ir.l..l 84..1

30.0 ltJ 85 N5 85 85 115 85 ti4.8 It4.9 M,9
85.3 ri5J 85J 85.3 85.3 lr5.l 85..1 85.1 85.t 85.2

50p. 8t.2 44.2 84.2 tt,2 44,2 It4.2 n3 15.l 81.9 83.9
84.8 8.r.8 8i.8 84.8 84.8 81.8 84.8 {i].8 8.{.8 81.E

TABLE II, THE Acc!RACY LEVETofTHE CoMBINATIoI( o' [,(iISTIc R ECRESSIOIi AND DISCR EIIZ AIION M6T HOD WITH 4.I\TERVAI^S

+tnl.rvrtlrslo .Hnrenrl-rldsc
Rcpcrr r.in

2 l 5 l0 ?0 l 5 l0 lo
19.4 80. t 60.6 lll 81.2 79_9 80.4 ti0.lt Ito.5 80.3

2Oqo ll0.2 80.6 80.9 8l. r It.r 808 8r 80.7 8t 80.9

30,. 1$.1 '79.6 tJo.2 80.7 80.9 80.6 80.4 80.5 80.9 80.7
.10./o 't9_4 7C.9 7e.7 uo 804 79.r 19.1 80 n0.l rio.5

5ff6 ?E,9 ?9.5 80 Ir0.4 80.1 80.7 807 80.7 80.5 80.4

600 
"

82.6 E2.6 It2.6 82.6 t2.6 80.4 8t.2 8t.7 ri2 8!

TABLE NI. THE ACCURACY L€VEL OF TH€ COMBINATIO\ OF IlCISIrc RACRESSION AIID DISCRETIZATION MEIHOD WITH 5.hiTETV^LS

5.lDr€rvrllrsso S lnteml-ridAe
Rep€rt Erin

l -l 5 l0 l0
77 _3 '76 t6.8

75.! 73.6 '11_9 76.1 75.ri 75.1 75.8

13.1 16.1
'16.2 76.5 76.5 75.6 75.9 '15-t)

76_) '76_t 16.1 76.7

16.1 76_t 75.9 15.9

Funher, rhe 3-interval is iltustrated in Fig.2-3. Tbe
correlation exploration of all f€aturcs on thc 3-interval is
found [lat the highest cor€lation on logistic r€gression with
lasso regulation It is around r = 4,72. This condition occurs
on the value ofaxis-x >= 2.200087581 a[d the value ofaxis-
y <0.819823672. For logistic r€gressioD with ridge regularion,
thc highcst conel&rion is about r = 4.65 wilh the value ofaxis-
x >=2.200087581and on the yalue ofaxis-y < 0-8198234672.

The 4-intcrval is illustrated in l-ig.4-5. Thc corrclation
exploration of all features on the +interval is found that the
highest correlation oo logistic r€gession with lssso
regulation. tt is around r = 0.54. This condition occurs on the
value of aris-x 0.474757632-1.509955602 and the value of
axis-y = 1.509955602-2.54515!511 . For logistic regression
with ridge regulatioD, the highest corelation is about r = 4.58
with the value of axis-x >=2.545153571 and axis-y <

0.47 47 5'1632.

The s-itrtowal is illustratsd itr Fig.6-7. The correlation
exploration of all featur€s on the +interval is foud that the
highest conelation on logistic regression with lasso

regulation. It is uound r = 0.44. This condition occurs on the
value of axis-x 0.4'14'757632-1.509955602 and the valuc of
axis-y - L509955602-2.5451535'l l. For logistic regrcssion
with ridge regulstion, the highest conelation is about r- {.62
with the value of axis-x >=2.5451535?l and axis-y <
0.4'1 47 57 632.

B. The perfornance medsurefienl

The next discussion is about the model perfonnalce, in
terms of lcvel accuracy. Discrctization methods at all intervals
and all regulations are presented in TABLE I-III. This step is

carried out to snal}"ze which intervals and rcgulations have the
best performance in logistic regression. Trials are conducted
on a set of trrining siz,es multiples of l0 fion"l, loyo $yo and
repetition oftrain 2, f,5, 10, and 20.

Thc trial results of a combination of 3-intcrval
discretization and logistic rcgession regulation of the lasso
and ridge are prcsentcd in TABLE I. Thc lablc shows the
highcst accuracy level of85.3% occrurcd in the trial scanario
training siz€ of l0% and,lO% with all the rcpeat lrain seftings
for lasso regulation. Whereas in ridge rEgulation, (he test

scemrio is the tnining set size of40% with repeat train 2,3,
5. and the training set size 50% with repeat train 5.

Couversely. in discretizatiol 3 intervals, logistic regression
with lasso regulation experiences the lowest accuracy level of
84.2 7o occurs in the trial scenario the traininS set size is 507o

for all repeat trains. Whercas logistic rcgtession with ridge
regulatioo experienccd tlre lowest accuEcy lcvel of83% in the
training s€t size of60yo and rcpcat hain 3.

Thc cxpcrimcntal rcsult ofa combination of4-interval and
logistic regression with the rcgulation on the lasso and ridgc
is prcs€nted in TABLE n. The table shows tbe hiShest level
of accuracy in both regulations that occured in the training
seF 60%. For lasso, Oe highest accuracy level is 82.6% on all
repeat trains. The ridge reaches the highest acauracy level of
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Fig. 8. Th. comFrison of accuracy levrl on rll inl.rvals

827o on repcal trains l0 and 20. Meanwhile, rhe lowest
accuracy lcvcl of 78.7% is experienced by Lasso regulations
in th€ training set size of 30olo with repeat train 2. For ridge,
the lowes( level of accuracy 79.4% is exp€rienc€d oh the
training set size of40o/n with repcat tain 2 and 3.

The exp€liment result of a combioation of 5-i erval and
logistic regression with the regulation on lasso and ridge is
reprcseDted in TABLE UI. The table shows the highest
accuracy level of 77.570 occurrilg on the training set size of
l0% in almost all r€p€at trah settitrgs for lasso regulation,
Meanwhile. in ridge regulation, the highest accuracy level of
76.9% is achieved with a tr&ining sel size of30% aud repeal
train 2. Convcrsely, logistic rcgession with thc Lasso

regulation cxperiencc the lowcst accrracy lcvcl of 73.60lo

occurrcd in thc training sct sizc of 2V/" ard rEp€at tr&iD 3.
While in logistic regression with ridgc rcgulation, thc lowest
accuracy level is 75.1% in tbe training set sizr of 20olo aod

repeat tBin 2.

The ovsrall results of the experiment prcsented in
TABLE l-tll show special conditions, Damely: achieving
quire high accuracy with a small tBinirg set size ( I oplo). This
is possible becausc the data of students select€d in the
construction of the model are sufficiently r€pres€[tative.
Moreov€r, the data selected for this training set is most likely
to have the most influence on the target. Thus, rhis data is
sumcieflt to represenl the dsta as a whole although only
slightly in size. To funher clarily the rcsulls obtsined. the
averEge accuErcy level. lowest accuracy level, and highest
accurscy level are presented in Fig.8. The disoretization
method for 3-interval dominates the highest results among the
othen, ald then followed by the discretization method for 4-
interval and finally S-inrenzl in all rcgulstioos of logistic
regression

IV. CoNcLUSIoN

The Equal *'idth interval can be combined with logistic
regrcssion with lasso and ridge regulation in the students'
pLrformancc data. Among the intcrvals that havc bccn carried
out, thc combination qf discretization of 3 intcrvals in this
rcalm and logistic regression of all rcgulations has been
proven to achievc the best results, in terms ofthc highest lelel
of accuracy.
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