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g Ut
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et al., 2015, Hachicha et al., 2021). ©] d}ol &5
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= ]S ZF=THMuslim et al., 2020).
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R A TE AHE AIHL I H4
e PHe zwo}aaom CEIESIE

9 face-to-face THAEE g So] ATHATH
(Han et al., 2021, Kokoc and Altun, 2021).

287



24 0 B = diRE 39 2 ERE
EAZ A5 o] titrE o] AT ol &
A AN A5F 4 FH- o tgH s Fiol
o} o] vlol|, st RS 7Nk 2 SkgAte]
AstE s SRS P E v 2EEA
T}, Khalil and Ebner (2017)2 #3315 283t
SES A% o, UFalle SoEE el
o HEo], 5 A Fofstr] Hg A&
2] 5 & XS WA vhold s &8

H AT} (Viberg et al., 2018).

22. ITZNA OjO|Y 7|4t k& 2AM

zi/x-]]/\
A B, AYE AL A3k B4, wla By
B4 5o AR New TARY A7
TEo AHE nigo g T2 M2 nf
ol &, Alx, Al T TA okl &
SR W FoplAE A At A
K (Bogarin et al, 2017).
#d A7 T Udre oiE 21
2 38y B 22N BYe] &S

3} Bogarin et al. (2017)< Moodle 2125

B 5k g d5e ZEYPsIY o, ol
AlEslsl] flste] SE2E RS 2ol 831tk
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3. 229l ] BUE ) 55 TN~
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3.1 Y7 =3

2 AFolMs Z2AM 2 o]y 7S A
sto] 221l s ZHE U S Z=AZE
Aete e ANRH. A7 ZEde=a
<I¥ 1>3% 2t & ATl E LMSEHH
He oMlE 2718 9 volE & &85, 7
27 Aot M wl(de jure model)y<
Hz HolH g &83th Z2AZ E42 A &
Az 735 o 2, diE, Z=A2 <l
2R 20 A2 g 33
=g e LMS 215
e et Qe ZEAZ

[l
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24,
49 =
=
H}E}

[S——
Phase I. Model-level process analysis Process
LMS logs Discovering process models from the whole log (y‘?djl o)
Phase II. Variant-level process analysis Standard /
o . Abnormal
Identifying meaningful patterns patiorms
Reh;er:nlce Phase lIl. Instance-level process analysis Predictive
(a,:u:; Predicting the results of process instances results

(O 1) LMS 27 7|8t T2MA 2A Hx}

32. LMS 21

LMS EI1+ Z2A|2 wlo|dox &8st
oHIE ZITo) P} FUsITE oHE 2=
ZZH 2 wtold& 97t 712 A 5ol o|HIEY)
HAgo 2 Aot Z; oJHlEx o] 2(Case),
2k (Activity), A1ZE7]1S(Timestamp)2] T 8.4
5 X3t 2FA 2K Resource), H]-8(Cost) 52
71491 ARE BH8 5= ITHCho et al., 2017).

LMS 271 At 28Rl 48 F4Fl
glo] WAYst= SH5 7|23 By oHES §
A% Aotk 5, 7 5 G AH71S,
Az el /1%, =Y 5 454G 85 15
EATHLMS W BE o|WEV}F £ < 1>
o LMS 29| 7Hds oAl UERdATE

3o AR A o], LMS 21 1] Al
Video(97d A A), Quiz(FZ= F]), Project(ZZ
HAE o), Forum("dS4-8) 59 ohefgt LMS
W &0l 3k 4 Aok olu, Videoo| 7
Course(Z3}), Chapter(%), Lecture(742])2] 7:"'6"5
S EHQle] §AS FEst AdEs
A B3I 4= Utk o5 S04, Event 12] Activityl(%d%]
TF)2 VideoZ 7]E5 A9t Chapter®} LectureS
285101 Video Cl(Activity2), Video C1 LI(Activity3)
o2 MESE F At ol¢} BE, A AH
A <(continued, c¢), ¥+E(finished, f) AF-= H]-E]'
S8 FY3 AYE TEE 7 JoH, dE
Activity4©| 4] Event 12 video C1 L1 c, Event 3
< video C1 L1 f2 7]2¥t}

7k gl
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H 1) LMS O[#IE =71 H|O[& O|A|

Event User Timestamp Progress Activity1 Activity2 Activity3 Activity4
2023-04-05 . . . .
1 Ul 15:18:47 30 video video Cl1 video C1 L1 |video Cl1 L1 ¢
2023-04-05 .
2 Ul 15:25:07 project
2023-04-05 . . . .
3 Ul 15:30:23 100 video video C1 video C1_L1 | video Cl1 L1 f
4 Ul 2023-04-05 45 video video_C2 video_C2 L1 | video C2 L1 ¢
15:33:32
5 U2 2‘;?1'21;?8 100 video video_C2 video C2 L1 | video C2 L1 f
2023-04-08
6 v2 11:17:50 forum
7 U2 2023-03-08 100 video video_C2 video C2 L1 | video C2 L1 f
11:39:25
2023-04-19 .
8 v2 17:02:29 iz
oMIE ZIZHE ZKSequence), HE +7] EE3he AS BHOoE it duidoR x8
(Parallel), BIE} #7](Exclusive choice), <=2KLoop) A2~ mdlo] oJHlE 215 drh} AHE 4= Q)
S Ao} ZE(Control-flow)S =Z3}o] A A1 =A|E H7}8H= Fitness7t 2 &89 o)<}
Z2A2s B BAS 20 2 S Augusto et al., Cj o], Z2M| 2~ BEL2 AL8ALY o]slE F71

2018). ©]& <¢I3ll, Alpha mining, Fuzzy Mining,
Heuristic Mining, Inductive Mining, Evolutionary
Tree Mining, Split Mining, ILP Mining 5 TF-%&
drglEs A48 F ok B dFAE
Fuzzy MiningS €83t}
:‘_’-_E/H]Z: Y &= ZoEe TEH ZTEAMA
= sy asith & AT
= 4 /\]-(Conformance Checking) & 7]4kgH
A Bz Age 93 Simplicity =3
o7 UE‘E] S %71t (van der Aalst, 2016). A3
5 e ZEA 2 Rl B3] 89 LMS 2
O} Z2A 2 mElg vt g Ans
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13l 7Fs3t & 1idstA| BREE H= 2o Tﬂﬁ}ﬂﬂ,
o|5 =H3}7] $J3ll Cardoso Metric Cyclomatic
MetricS €-8-3FoH(Cardoso et al., 2006).

3.4. Variant-level TZAMA 2M

3JE(Variant) TollA o] ZEA|2~ B8 mdo
239 o] 8 F %2 9E8lF) o)k S 714
she A& HH O R gttt o] g8, WA e
EE2 98l <19 2>9} o] Autoencoder-based

Trace clustering< -85} HA|, LMS 2125

7} &+ A TraceS X 3} Feature extraction



Feature Extraction
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Us|tjofz o0 |10
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us | oot t|ofo o
urz |t 1 2 [ 1] 1 1 1
M

Input  Encoder Latent Decoder  Output

Vector
L e ——

}

K-means

clustering

(d& 2) Autoencoder-based Trace clustering

< A g3tk o, Ao Wk, Ay 4
A N % 59 Feature’} 2 89T =&
Autoencoder OF|EIAE &8sl Zx
EE 3 ol &8st #HsE TR
Ao A= K-means clusteringS &-8-3Hc}

33 &, 7 ol et AR Y 2
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3.5. Instance-level ZENA 2M

saA 2 QzEle BN BAE 7 o
AP & 550l 25 HF FE o) e
&34 o 2ok e BHOR W) ol 9
o, 2 Aol2E A 7SS o s 2
o ohd UH RES vlale] BEIT, WA
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olg el 3k AB A BEE 5 Uk
T, ol el=e] ulE 2k4] ghth meAl,
s SA5Ap} @A) 5 Foleks 71 Stell ST
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4.2. Model-level Z2MA &4

Z2Al2 2 E2E5 BHor 339 g
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2 YEsT

(B 3) 49 & Az, 3= tiz HIE (3% 0/4)
Lecture First in | Last in Lecture First in | Last in
case(%) | case(%) case(%) | case(%)
Cl_L1 63.1 17.5 C2 L6 0.5 3.2
C2_L1 16.7 11.4 C2_ L7 0.2 4.4
C2 12 3.1 6.1 C3 L3 0.3 3.8
c2L3| 10 50 || ceLl| 14 42
C2 L4 0.6 3.5 Cl2_ L1 0.6 3.8
C2 L5 0.8 3.5 Others 11.7 33.6
52 X242 2l F4 43S 95

Conformance Checking< &3t Fitness2} Cardoso
Metric ¥ Cyclomatic Metric-S 7|9+ Simplicity S
Brlstaoh B4 A3 Fitnesse X< 0.785,
Cardoso Metric3} Cyclomatic Metrice 22t 65,
4582 A|4FE] Ak Fitnesse] A4 [0, 119 @<
Zhe FAE FFH 0 R Fof Ho|A|, A2
& SHAlo] 57 w|mke] StFEEnt Fstal

AL 2713 AL 13T W gho] HoiH 7t
T M9 Simplicity 274 A3k
T AR A vl F Gt ofHoh v,
Cardoso Metric®] X7} & o= EX3 2t
4 Foll A 7Fsd Ao 5 YrjstaL ol

HA A ok Mmekg e w, Ao Farsiths

& o oy Tl
o
(o]

N

AL mdo] s Exsite ZS vehd
4.3. Variant-level ZEMA 2M
e #He Z2Ax BAS 93] WA

Z} S5 APE  Activity profileS WF=+= Feature
extraction DA A= FA| 2G| sk NIE=FE
v o 2 st 15T THAclA = 983k
(e A3, 5 118)9] Activity profileS Z4
A 7171 918k ZF layere] x-S ZH2) 64, 16, 4,
28 A8 Bl E, Yy @AM e 7
layer®] & 747} 4, 16, 64, 982 A3} THA]
71E HE S Ao s BddT & 725 F
8}<:31 Autoencoder®] loss #H-2 0.160]H, sh<¢
Aol A I Hlo|EE 7P & EH8h= latent
vectorg FE31 ©o|& Fe|2E P 83T

e 2H7 DA NA = K-means clustering<
Agatdom A tolg o] AdFl AT 9 o
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Abstract

Toward understanding learning patterns in an open
online learning platform using process mining

Taeyoung Kim" - Hyomin Kim* - Minsu Cho™*

Due to the increasing demand and importance of non-face-to-face education, open online learning
platforms are getting interests both domestically and internationally. These platforms exhibit different
characteristics from online courses by universities and other educational institutions. In particular, students
engaged in these platforms can receive more learner autonomy, and the development of tools to assist learning
is required. From the past, researchers have attempted to utilize process mining to understand realistic study
behaviors and derive learning patterns. However, it has a deficiency to employ it to the open online learning
platforms. Moreover, existing research has primarily focused on the process model perspective, including
process model discovery, but lacks a method for the process pattern and instance perspectives. In this study,
we propose a method to identify learning patterns within an open online learning platform using process
mining techniques. To achieve this, we suggest three different viewpoints, e.g., model-level, variant-level, and
instance-level, to comprehend the learning patterns, and various techniques are employed, such as process
discovery, conformance checking, autoencoder-based clustering, and predictive approaches. To validate this
method, we collected a learning log of machine learning-related courses on a domestic open education
platform. The results unveiled a spaghetti-like process model that can be differentiated into a standard learning
pattern and three abnormal patterns. Furthermore, as a result of deriving a pattern classification model, our
model achieved a high accuracy of 0.86 when predicting the pattern of instances based on the initial 30%
of the entire flow. This study contributes to systematically analyze learners’ patterns using process mining.

Key Words : Learning pattern analysis, process mining, online education, process model discovery, autoencoder
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