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A Study on the Prediction of Learning Results Using Machine Learning
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Abstract

Recently, There has been an increasing of utilization IT, and studies have been conducted on
predicting learning results. In this study, Learning activity data were collected that could affect learning
outcomes by using learning analysis. The survey was conducted at a university in South Chung-Cheong
Province from October to December 2018, with 1,062 students taking part in the survey. First, A
Hierarchical regression analysis was conducted by organizing a model of individual, academic, and
behavioral factors for learning results to ensure the validity of predictors in machine learning. The model
of hierarchical regression was significant, and the explanatory power (R?) was shown to increase step
by step, so the variables injected were appropriate. In addition, The linear regression analysis method
of machine learning was used to determine how predictable learning outcomes are, and its error rate
was collected at about 8.4%.

M keyword : | Learning Analytics | Machine Learning | Tensorflow | Hierarchical Regression Analysis |

LM 2 TS FRNHE OCWS MOOCS AOH k59

b L e HA G S

_lSlLoﬁL‘

47 HAEHolRtY Wol BAT MPFN §F & wIE AR shaEgold Tt maol
Q]

2 ARRIT} QIZF 5 A Fofol] WskE /b e Qi IT7F FEH I ok s 15 Ropol A AntEn S
* 0] =22 20188 SISO ARl SkaiTH| XIS Biot 3E I710|H(XA[HS: 20180315) 0[0f ZAI=ELICE
LRt 20203 06 02 AARAZY 0 20204 068 16

S™AUXt : 20204 06E 16Y DMK AAS|, e-mail : kimyh@hoseo.edu



696 sI=EIE=3IEE=EX| 20 Vol. 20 No. 6

Hu

olgk= A& ol 1T F&o] o]FolF L, HHol& 9]
A 71&9] dHE dAE I7olA9] HeolgE }O]
ofuzgl 5T olA ARl BE T, EE W
TEEL ATk EHE, 19 -&47]@77}7\12
2Ecl= 8ol2 FHEo] 7k ITH1LL EEE wSo]
o|Fojx= HE FAA = YUY S5 Ert o
AAH R TEslr] ATt HHoR SHHe AL
(Learning Management System, °]5} LMS)& 7R
sto] ARESHA =Sl

0|9} T2 IT7} AA| W8kE $goll F8E== A
£ B QAH ARYE ZHYX|+= Civitas Learning
3t Al goto] &9 W FEste] ool A9} Ao
Al &9 840 HA FIok B ¢ = S
Ao zH st sy HEE 7MsotA Jth ®
o2 Z=23 get Ale 9AZA 98ke] Insights
Student Success SystemCE W04 7]1Z9] H|o]
B H3 Al Holda A& 24 9 folg REFy
= &85to] F8 A1}, Fol 9 4= HolHE 453
o= HESIo] ShEALY] XI5 42T Aol thet Al
st #HES AFstt. 3 Delgado Community
College ¢ AT e sHYEC] Hok= Shs A
IE F1=E Y LS Breta sk GPset 2
L 3= AZS Utk Southern  New
Hampshire University (SNHU)+= Blackboard®} A
Foto] AsetE A AFE Lok MHE(Megraw
Hill Education) 2= A8 &4 ol £52 Y
sto] A A mRAA B4R} NS FHAaselel
oH2-4].

hEAtol| gt Hlole 9] 4% F7HR olE =4
st AFE E-8ste Zo| B SREARE olsfist
£ F83 ot =1 9tk 20008 H] o F IT7]&
7dto 2 e 5248 Learning Analytics)

57} k58S olsfstal XA glelr] flsh sk
et ehEAe] A HAE HolHE S46ta 2o
I EASHL Hiske Aolt) o] AL SRt AR
T o2} 5, 44 T gt Hiole g s S5
gt Z2nd S Alggo = JfEst shgol Jhsoitt
ICTY] Y& 0|9} Zo] Tzt TlolE Y] &85 7hs
sHA skoih. webA] 2 Ao EA AP o

rlo o

ol

R4 A2E AR BEL G5} SR tel 8

SR RO T U ShgrolElE FHOR
AT AT of A A g A

Il. O|2X B{ZE

1. s&2M(Learning Analytics)

IT 718719 $HE shEHas249 Eds 9
ojate ole|idolut TRt AFEE =R ohe 15
o] Uehal oj2fgt WS-8 ofE=|AclA9] AH

A7b S EEA ARl SHYS QI FA1EQ1 iy =

Fo] Bgo] 7hsaiA I QUeH5]

SHEAL 58T EﬂolEia Ao 2N 18R
U7 ZPE shzol st B2 27] 9t ook &
A8k T 7]%9] HH3t e F25] @old dolg
B8 fJoto] A gAste] gk sz zhelo] ofy
ot 71&9] HERAL 5 "ol 95t WAloR &Y

H AR glo]g Ao Hste] IEUl Ego = P/
= wdigt o) sksEE dHlolee] £y, Aol
B} 1o Baubo] Pasty] wfito|ct. w85t
A BAste] W2 shs dlojE 9] RS B A

r+

LM =]
8 GG S ok s o L e
S O 5EE de 5 A =T 200049 H

]-_I‘E1 A& o]t AF-E shyEAolE} ob, o
A AAof whet oheFet g7 Q1o tiAlA
02 'glg50] o]FojA & 3T S5-S ofglistal A
shd sk S Algdl 7] Aaf shsAtet sy
2ol tigt dlojeE =3, &%, E4oke 4d9
ol FoJgttHo]. SEEAE gt AR 7I&Z2E bl
olf &, A, B4, A48} A&, datdEo] e
o, 0|8 A5ty HHAZ] AFA; S
A 2Ey ZHQlYaE v ¢ 7&%‘@}_&1&1 A,
3, TZ 4 B2, dF, &8, MF T/ Tenyal
7AA Sy B4 Z2AA7E QITH7I8L. 71E9] Aol
A gFojX AXMY shgol A 5] shads
¥ #A ket 82l 9Jsf S wH=rh Hellas

O

I

=



JHEEE &g

-Al
H=2 =Oo

o

o
L
==
19

o
o}

21 o1E 3+ 697

o my of
& o

F

1. sEdat

o
d&s A8 28 =+ e 51—.—:1‘—«] g% 2l

Research

Factor

Hu, Cheong,
Ding &
Wo0(2017)

Activity and course features, Demographic
features, Learning behavior features,
Self-reported features, Student history record
and performance, Student record and performance
in current course, Others / unclear features

Kumar, Singh &
anda(2017)

Academic, Family, Institutional, Personal,
Social

Lei & Li (2015)

Academic performance, Socio-economic,
Personal information

Na & Tair(2017)

Learning behaviour data, Learning network data,
Learning level data, Learning emotional data, Other

Shahiri, et
al(2015)

Cumulative Grade Point Average, Engage time,
External assessments, Extra—curricular activities,
Family support, High—-school background, Internal
Assessment, Social interaction network, Study
behavior, Student demographic, Student interest
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xy = np.genfromtxt('training_data.csv,
delimiter='",, dtype=np.float32)

test = np.genfromtxt('test_data.csv',
delimiter='",', dtype=np.float32)
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W = tfVariable(tf.random_normal([9, 1]),
name='weight)
b = tf.Variable(tf.random_normal([1]),
name='bias’)

hypothesis = tf.matmul(X, W) + b

cost = tf.reduce_mean(tf.squarethypothesis -
Y))

optimizer =
tf.train.GradientDescentOptimizer
(learning_rate =le-5)

train = optimizer.minimize(cost)

sess = tf.Session()
sess.run(tf.global_variables_initializer())

for step in range(1000001):

cost_val, hy val, _ = sess.run([cost,
hypothesis, train], feed_dict={X: x_data, Y:
y_data})
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