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Discovery method of hierarchical learning behavior model based on process mining
LI Jinpeng', LIU Cong', LI Huiling', WANG Ying', ZENG Qingtian®*, ZHANG Feng’
(1. School of Computer Science and Technology, Shandong University of Technology, Zibo 255030, China;

2. College of Computer Science and Engineering, Shandong University of Science and

Technology, Qingdao 266590, China)

Abstract: Educational process mining applies the process mining technology to educational data analysis and it is an
important branch of education data mining. Mainly using classic machine learning algorithms to establish models for
the analysis of the student online learning data, the current education data mining is difficult to describe the global
student learning process. This problem can be solved by the process mining technology used to discover the control
flow model by analyzing event logs. But the existence of noise and irrelevant behavior sequences in real data affected
by various factors tends to make the existing mining methods generate a “Spaghetti model” and thus are not condu-
cive to analysis and understanding. In view of this problem. this paper proposed the Hierarchical Process Mining
(HPM) algorithm to discover the student learning behavior process. Firstly, the time attributes of the life-cycle e-
vent logs were analyzed to discover the nesting relationship of activities. Then, the layered event logs were construc-
ted and the hierarchical process model for describing the student learning behavior was mined. Finally. the indicators
of fitness, precision, and F-scores were used to make a systematical comparison between the mining models estab-
lished by the layered process mining method and the existing process mining methods.
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1A 24 (process mining, PMD M H AR 7 21 45 3 B4 B 55 B8040 2 40 22 [ 1) U3 B 1E R IR ML
PF B & R B AROCAR R AR TR R B B A b O T TR A U AL R A DR
FEHE I IA) R 5 R4 . B 2011 AR A - DR B 2 B R TR 2 o RS i A 4 R A ) (e
FEHEE ) LK i P2 BRI W A2 3 % U )z G TE . BEAE 55 4 R B AR HEAL RS AL 0l 55 i
R A ok 5 HARSE . Ak Al N FE B 3k (robotic process automation, RPA) ik i i ] (43 2 & B
BRI AAT I Bl 55 1 B 3X 26 20 WL SR A5 2ok AR A2 R AR AE R R B3 Je 5Tz I T RE . #E £
#5472 9 Ceducation data mining, EDM) & — A5 2R BF 58 UL & 76 F) AT 10 B0 12 9 H R D AE 227
Bt 4 b R BB S B ORIE B L B T Apriori 530k K BLAE AR S Bl e S R AR B SRR . O R
P28 00 AR FT R T B 42 1 O vk X L & B I (control flow) B BE R, 5| A F SR R B AR &M
PER AT SR SHERF ORI 2H B o A i Bt — 2D e .

HHT 222 2 S R R A TE TS 2 PR . DA H AR 00 1 R B A B DG BM5 BBk & S 8 s 1
H AR AELE R S A M0 FLRE % B ] oA B0 e 23 R A “ A TR RS 70 o IS A B R U SR AR B Al i ™
2P HUR B P A BN S HER A BE R S A W LS o i AR AR R — B ORI A e AT . O TR
PEAEFZYE A 1 (3K — [a] B0, AS R 58 51 A BE 8% o 1 & B0 2% >0 47 S A5 A0 1) 43 J22 ik R 42 48 7 i (hierarchical
process mining, HPM) , H 4§ 2% £ 7 A7 =5 1 H & 0 e 2, 32 8 20 J2 2 78 42 48 550 v 1 1] 56 & (HPM
time relation, HPMTR) , BtAb . AT 5T Br 8 803 i A 8] 2 B2, LS ok S iy 20 2 i AR 2 I B e e R BN R
Wz EFERRRBAL.,

1 HXWRIE

L1 IREZE

TE AR AZ R A H AR T A B R A R — OB R Al 55 i AR Y R IS B A A S e
HE 2 55 1 B2 45 3 (business process management, BPM)'™ th ) — A~ # Ol PRBE L 2B 5% 2 & B i AR 1Y
o ) VAL 2 A o RIDSE A AR BT S S T S A AR AR — D RSl A S 2 TR PR RO G AR i R AR AL
TR 45 My B Petri ™ . BPMN (business process model notations)™™ |EPC(event-driven process
chain)™ | YAWL(yet another workflow language)t™ 23 #§ 3R . o P28 B ) = ZEIE M 48 b5 2 32 4 (fit-
ness) » HLAB B Pl G A B i R s R AR RO RE T o ol T 8 S A A Bn A7 7 AR B 3E 4 O &R RGO 5
A Z A T8 br i AR Y 9 QoK 1 B2 (precision) s R BIAYAT g ic sk 7E H AR B Fe il . H Al B 42 4 £ AR A7
FE T 22 Bk 0 o R ) 2 A G ] 25 40 s 0 A AR 5 4 v A R AR T
1.2 HEIEEZE

FIRAETT AR LR A2 (massive open online courses, MOOCs) .2 2] 15 £ 4t (learing management sys-
tem, LMS) | M (A K HLAth 78 28 11 2% > IR BE A e pk KA AL TR 22 4 Pl & . X RS 0 H & BE id 8%
TR Ty R R L A ] O AT R AR AT A B 2R AT S5 . AR R B R G B LSk
AR BEBE R DT R R A 6] . AR AR TR LR 27 ) 7 6 B FF A 20F i B A2 4 26 A W) 20 SR B b i AT 17O
FARER . SCHRL 14 13 ie i B2 e LMS 32 IRU[E B9 J5 vk e ) 2 A 16 25 1 AR b i 03 5 SCiR 15 18R
B B ERSE T  B EE BEE ) BLU (self-regulated learning, SRL); SCHRL16 gl SRL H AN [a] 26 B 2 1
FY AT IR B 58 DR AR 1 27 AR A T 222 ) A DG I 4 s SCHR L7 R B8 A 43 #r 22 A 7E MOOCs “F & 1% )
2B, R B 5E CPR AR 1) 2 A A AR DN ) 20 A T JHG A 2 A i AN R S 8 A 25 A A i R

ok AR 475 4 B AR T ) 20 R Y IE S R AL TE R S B BF S s AR T Ay S =2k SRR H AR
HRRAZIR IR BN SCER 18 14 I e 22 SR A A R 51 A ZCE B 43 A St O AE SCRRC19 ] b ik 1 AR
JRGR A D v » 03I 0 55 1 05 3K B 2 A 2 I A SRR 20 JHE PFas 7 B WA I L 4 55 2 BOR I /Y 2
A AT A0 20 AZ AR AN [ 2 B 28 A (2 o i B 5 O 1 i 2D I SRR R AR A A Y 1 L SCHR 21 K TR IR
PEAT A A H AT A RAT R S H A R 248 (Tuzzy miner) & 3027 AR A 26 ) 132 DA R 72 L 42
— T I DA R O B PR AR Y 1) T B [l A5 ok AR 4 R AR B S R AR B AR R TR B R R RN
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A ARAZ IR R HATY R . W SCER[22 45 % OLAP (on-line anaytical processing) 37 77 44, 4™ Ji& B s 18] 1) 4k
B A8 B B ST 5 R Ayl 3 HAE L 7 0T e Y A BB A (comparative process model) , iz 5 4 ATl i 5
AR T I 2 AT ) B Ry DOl o 25 =28 07 S i R A A U7 s S AR e bl ST BRI 2 . 3
HRL23 5] AYCSR I A 5 B2 0 25 & 19 7 X, R BLAE Moodle - & b Br i 2238 08 14 B2 2% 23 B 5 SOk
24 142 3B FEAH AL BE 5 34 ) £ #L (support vector machine, SVM) 454, iUl %% 4= 7 7E 4k H @ (online
judge, O RS g 5 #1709 R I, I X207 1 09 A BT PR AL .
1.3 4P EFHEEEREHRITE

AR ZE AR5 B R G At B TE 2O Ta) DRI 280 Ao A 428 4 e S i e 179 1 2 ) A O ik i A H 25 1Y
TEB P S B A ey b 3 f L R 6% 3k B i FRAZ R A A S5 . AR DL SR AR AR 2 ) (BT R BRI 3k
WA N B Ry T RE 2R b RS A0 TR A Kb B D TR AT RS AL . B n el e BV A Y
2 ) A A X — M R A E IR R T OCHR LA R SR H AR R [RGB Z RIAAAE M B R 2 R IF AT H &5
JZ2 i AR 5 )2 Petri W5l TAEL S ) B 4R b Z2 DA R Y 206 shiic E AR R R R 230 3 S 2R W
AR B )RS S E T RIS S AR IR AR AR MEUN LRSS 5 H T R S RO R O T IS4
TRE 1Y) 425 ) DS Y L AR AR LR AR R S R I RS B R B RS S S R RIS S Z E R R R T O
DL TG 73 2 i R A 4 A 1

2 BEABR

A H R BRI A AERE SR TAE bl 5 HE Petri W Ry 5o B2 A2 400 1 1L
21 EH#HEFE

X1 HFHEY . R &R AN FES AR T AT 55 8 M IR AT DL A 5 3 A
QS SR 44 BRI BB RS IR AR A R R RIS, S e HFEMEN HFEMANEEES AT
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EX4 ZHY, ZEETRVTUERZBAZRES Bm=[p", ¢ JEEXFEELS={p. ¢} LW
ZHHB meB(S) m(p)=3.m() =2 FKRITTRMIMKE.BS)FRRES S ZEMEE., ZHEAT
PR F R AR R R TR S H AR R, — S0 26 AN W] 22 4 v b B, T DA 2 AL T3R5
2.2 Petri ¥

EX S Petri M, Petri A TR RFYME MR, HEEANEXLE N=P, T, F), Hf.T
FRABIT (transition) A BRES . P FR R (placo) WA MRES . H PNT=0;F (P XT)YU(TXP))
IR S R AR . & 1 R Petri WY AT B R R K : F={(start , a) s (ay p1)s (ay p2), (pl,
b)Y, (p2, ¢c), (b, p3), (cs p4), (p3,d), (p4d, d), (d, end)});T={a, b, c, d};P={start, pl, p2,
p3s phs end} . R Petri (N, M) R —4 ZJokF, — MR (marking) X B 1 “$6 5 7 (token) ¥4 1 1) £
£ token IR MK I/R M€ B(P)FERTEE P FE L2 5 AGRE b i hnil



A M4 Sk T AR AT A 23R 2 AT R R By ik « 121 -

EX 6 KAMMWY, EAHNIEHE Petri N & 428
& X FY2ePUT, 2={y | yePUTA (y, o' =
2)EF N v WATEE (pre-set) ,x " ={y | yePUTA (x, g
V) EF )N x W54 (post-set) , FEALEHRIN m Y Petri B {
N BTt WRAEE—NERpE e m(p) =1, 074
i AR TFAEREARAS W LG & TF 7 A B AR L iE S (N,
m)[t>(N, m'), W —AA5 5T W 5 A% B & A 25t
W IHFEIZ S 1 T A A i b ) — NG A L I T AR A . B L IR R AR IR 2R
[start' ]sa RAEJGE start® s pl, p2]ia JhAEFAERERAE . R KA JGR BN Lstart®, p17, p2°].a HEKR
A WIEREILpL s p2t LRI b e NERE.
23 EEXRH

SRR ALY R LR R R U R T SO S S A PR TR R SRR R RO
FERTFRAIRL, EEFIAA Alpha Miner™™ DL GE 1 4R 81 B i (19 5 & 3R BT % Heuristic Miner™ 5 55 28
ST B B 5 v AR AR S AL CF 1] [ S R ] A A 1Y) ity | A Ak Dy BE A5 A AR O e 2 R HIL TR A s AL, 4
Two-phase Miner*" ; 55 Z 225 BE T35 7 i o A5 B WL 28 2% 20 L bft 2 ) 445 S B PDUASE 780 35 1k 0 L 40 Geenetic
Miner™®' | Evolutionary Tree Miner (ETM)"*" s & U5 J& % BH B I 0 55 25455 28 1 J2 350 0 125 - 28 007 vk vl LA
T2 3 BT 2 EE T AR W SR, 4 Declare Miner™

3 SEFEITARBEEIRTE

G 25 AT BT R LI A A I 2 A 2 2D AT S R B S A 8 S AT SO 0 B R A
B — L RIE Z MR E X R I UM EE S E X ZR, AHURMR LR 5 T2 E s Z mn
Xof N7 56 7 o DT AR AT 55 181 2 00 A 5 0 B 0 2l & AR DR M s 43 2o AT S B R el S B S H
AR B L S R S A R AR BT R 2 A, b RSB AW SR AT S
HEF N5 2 H B A . SCHRCA T3 20 J2 2 B2 92 48 Jr 125 75 22 0 W i 22 06 ) 96 28 76 0 1 106 3l R it
JP R R R AR OR R AR B R . TR AT B b B B AETE A B T 2 08 &R /N TS 3T
KRR BB ZAW L plugin 1Y nest {H . H 5 I Y BTG W HF i F 4 5 — W4 TG s 45 i g
PSR FA J& T 6 — TGS IGO0 . T F 3R (] 80, AR 5T 4 BRI 3 0% JF s R 285 S Ak [R] 4] T i 5 0 % () AR 91
[F] — 4~ 175 2l B F 4 9249 (instance) 75 XES U H1 concept : instance”™ (B AR [F]33 A 5 i 2 J) 7 A [R] F4 02 75 I8 T[]
— NG T SEER AE IAT F A H AR AT )2 . AR AR 00 43 )22 20 AT AT e IR SRR N 2 TR

75D
HAEEF
(T 0) =1

1 Petri X Ay & 8524

Fig. 1 A simple example of Petri net
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Fig. 2 Discovery frame of the hierarchical learning behavior model
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31 EXNEDIREFXEFR

T T AT ST O R . IE ST O R W 3 PR T ST 56 F T AT B 2 ) 2
BRE L LeBWUL XU )W Eam A FHE X T Va, 0€EUL 0 €L va 5b HEBKRICA:
axbia 5o HEGRKRICNEadbia 50 HEERRICIEaQbsa 5o fFEEMREXRRICNE O, HIFTEL, .
Ry 1€ 20 ol )y i< <<kl % # (0 (D)< #un (0 ())))<T F e (0 (k)<< #F e (6(1)) = Time
Correct ;C(e)= (#F,.(e), # 1 () instance (e) = C (e);ConceptInstance (¢) =e.concept:instance.id,
D) bR b 5 FR AT AL E N -

alb <>instance (¢ (1)) =a, N\ instance (¢ (j)) =a. N instance (¢ (k)) =0b, N\ instance (¢ (1)) =b. \ Time-

Correct , (D
aAb <instance (o (1)) =a, \instance(c(j)) =0b, N\ instance (¢ (k)) =a. N instance (¢ (1)) =0b. N\ Time-
Correct , (2)
aQb ~instance (c(1))=a, N\ instance (¢ (j)) =0b, N\ instance (¢ (k)) =0b. N\ instance (¢ (1)) =a. N\ Time-
Correct , (3
a®b <= (aAb) N2 (bAa) N (aQb) AN (bQa) N Caxb) A= (bxa) N\ Conceptinstance (¢ (i)) = Con-
ceptInstance (a (1)), D
b a b Time a, a b b Time a, b b a  Time b a a b Time
(a) 3B 4b (b) 1 R 450 (o) W FHatdr (@) b

B3 & XE

Fig. 3 Relationship of activity order

EX8 (A, rootAct, Ky L BT E X RZW I THA F 2 )55 T 20 8 1% i oe &,
BT A RIESHES srootAct BT EEE . rootAct CA W2 .

1) riy ry€rootAct:m (r1@r,) A (7@ ) B AR T EASATFHERELRR.

2) Y r€&rootActs 1 Ja €A rootAct :a®r , BN KA AR E HAWAR T 1915 3l

n: A |=>PCA) srootAct X% 3% g WL 2% B 15 S 55 b i ok 250 196 2 -

D Ya,beA, yla) Nyb)=0;

2) Vb, cenpla): 1 (bBc) N5 (c@®b) ;

3) Ya, beA, p(a)Nyb) = O,

Kl 2 iS5 IREREZM A B.C.D.E 21 AT, Hh HE & H L iRE T D XM E G
R AFE D 5 H T X PR . 0] #2808 1% i i B ok R sl .
32 SEEHBEEME

RN SEHEHE . SRH G RAZ Petri WIEA LA roorAct . g LI £F

B LmEXEMN A NEAIEL WIEsh%ES,HL(L) = (rootLog, HL (rootLog))} L W4y 234 H

,j,f\o Hp,rootLog=U,c10 1 rootAct L R St 8 ZEF H &, HL (rootLog) R rootLog W52 H
AL -

1) ¥ NA (rootLog) =0 . HL (rootLog) =@ , H:tf NA (rootLog) NIRRT A HEPF I MEIENES
M, HL (rootLog)={(na sNLog,, » HL (rootLog,.)) | na € NA (rootLog)};

2) NLog,.= U,ero t 9 L W na i e T2 FMFHE,

Bl 28 L=[ Ca.s b bes cos cos a A Em R EL H & X THEL A2 —1a. 1
“concept:instance”{d 5 a. MW @ a. & TR — 53 a 094 o 0 5 o 1R Il AT R a . RS2 B & A I
R T oo AR ac BYSEBR AW IR T b e JUTES) b IRE T a.b.c BfEEa T2 E EEH
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BN rootLog=[(a., a)" |, Wi ETENE A NA GrootLog) ={a}sa M FEHE N NLog, =[ (b, b.s c,»

e,
3.3 4= Petri &
ENX 10 43 )2 Petri W™, 43 )2 Petri W FHIRS E . HH—4—75c4 HPN=(PN,,, HPN

(PN, o) F/R, Hrf PN, 2 5 VT2 6 5 iR E AT 1Y Petri ﬂ;% T,={te€T | N)=N}EiE
TS HAF7E HPN= HPN (PN o) J& PN, %W 1) T 2B, I A2
D ﬂn%ﬁf T,,=0,HPN(PN,)=@ ;&N HPN(PN,,) ={(t;» PN,,, HPNCPN,)) | t,ET,};
Hrp PN, B EAES 00 X0 A ik A2 Petri M, T, /& PNa T H ik ELTMES .

IEI 4 z5th—"1 73 )2 Petri HEIWJ%E‘U%‘ Petri P £ 1%
AN A I AR B AR T 1 R E AT o XN TR
AL PN, TR BRERAPEE - PMRELT ¢ iE
ARAE ¢y XPRLN Z i R PN,

4 HELRERZEEERITM

BIREE O R A E S EZ R S AT
HEZR ProM“ 8 F 9" & Z J5 i) HPMTR, I 1E R %5 440 F

5 HAB R M BEHEAT X L. ProM B — R T ot FR i 4 #E Petri [
*Eﬁ/f%%/ﬁ*[?ﬁ’ n\\ BTV R WEd *If{lf}t:'ﬂ?iﬁﬂ Fig. 4 Hierarchical Petri net
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4.1 FIJTAEHETLE

SEISECHRAE B SCHR[31 .10 T 109 oA R . “Deed”” TextEditor”“Diagram”“Proper-
ties”“Study_Materials”“FSM”“ Aulaweb”*“Blank”“ Other” 2515 3, H . “Deed” 3 7R 505 1 B 50 AR 1 2 2F
534 1% 11 (digital electronics education and design suite), “Diagram” & 75 {f B i i 8 1% 11 (simulation
timing diagram) , “FSM”Z /R~ A IR A siH1{5 B i3t (finite state machine simulator) ,“Aulaweb” /R & 5 2%
AE ARG G IR BUE T 82 OB “Other” RORTEL Ui 0 522 ) LR A . IRFESL I 6 &, g
8 4~6 5 B 2 ] — B URFEIT 8 N T I g L RAR B 2014 4E 10 H 2 H~12 A 11 H . &Kl
TG EE R B RE B RAR O B AR B, BAIE R E A EERAT M R R 1 R, o T HES S5
JE S FRAZ AR S B A S A 2R A AR AT O S HOAR e DA 2D X s AR AT AL B

F1 BLERHNZEEELITAEMHARE

Table 1 Pre-processed student online behavior event log

Session Student Id Activity Start Time End Time
5 1 Es_5_1 06:02.9 06:36.1
5 1 TextEditor 06:03.0 06:03.0
5 1 Other 06:04.0 06:04.0
5 1 Other 06:05.0 06:07.0
5 1 TextEditor 06:08.0 06:08.0
5 1 TextEditor 06:09.0 06:09.0
5 1 TextEditor 06:10.0 06:17.0
5 1 Other 06:18.0 06:19.0
5 1 TextEditor 06:20.0 06:36.0
5 1 Es 5_2 06:36.9 06:37.1

5 1 Study 06:37.0 06:37.0
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g1
Session Student Id Activity Start Time End Time
5 1 Es_5_1 06:37.9 06:39.1
5 1 TextEditor 06:38.0 06:39.0
5 1 Es_5_2 06:39.9 06:43.1
5 1 Study 06:40.0 06:43.0
5 1 Es_5_1 06:43.9 06:51.1
5 1 Deeds 06:44.0 06:51.0
5 1 Es_5_2 06:51.9 06:52.1
5 1 Study 06:52.0 06:52.0

1) A A 52 50 B0 B K 5000 B v AN AR G Y BB 2l 7 5 77 78 25 (B RY 10 S BR 25 1R T 2 901 ) o Il 5 36 55
HEAT AR ETE”

2) & LFMES  HEES A HE R (stack) 5

3) 3l I B AR YRR SR T A A SRR TS AR H A
FEAR IR 14 0 JF 4 BF (R0 3% A9 B 59 %) AR R TB] 5102 100 mus o A% T00 35 424 &35 o s 18] A 322 7N 118 435 o (] - 2
fil 100 ms. 5 AH H &

4) 3% 2 HH 4 T B R A0 R — A6 Bl o 1000 B0 0 T G B )R B — A S5 R i O B [R]85 B 0 45
I [] 2 B Ja — > S A 45 A ]

1 A AETELAT NI HEAE MySQL 04 FE i i 5 (R A2 T2 20, o0 13K 31 43 )2 3 R 42 4 i A S5 14
AT LIRS, 2 2 HAELAT I H RO, 3 22 B3 R R 2 A R R NHKL

4.2 It x2 FEELZITASHEENRE

B4 B Inductive Miner (IM)[27 | Table 2 Size of the student online behavior event log
HPMTR X} b P & BT 42 38 19 Sessionb 2% 2] i HEH & ESE R R
FERERYAE SN O E i) X3 5 T T 0 4 o 4 Sessionl 77 71 836 28
VAR IZ IR SAE M ERE . B 5 A IM SR IZ e Session2 82 83 014 38
B iR Sessiond FEZ % > i3 FE Y Petri B, H Session3 87 60 412 18
TEAZ 38 A80OR b 0T 30 T 2 52 2 LM DO iy Sessiond 99 83 036 40
W= WS 11RO W B =S U S ok |11 K= 73 Session5 91 71918 42
WA A ) AT AR R, o )R R B Session6 84 108 564 42

Gy FRIKNE N Z 0 B 5 o R B AR ALy
1 A 18 e B 0 A AP R R T R S 1 A 2 T AR R

S 1
- _ _stdy}—————————
' =

3 EXEY

. ——————— o

. S
S |
\_\\1 — 5(7

5 IM EEZH IR SessionS FEL&F S L 2K Petri [

Fig. 5 IM algorithm mining Petri net that describes the session5 online learning process
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BEl6 SEIEEZEEEFELANFEZITARBEBHRIA

Fig. 6 Performance of HPM algorithm mining learning behavior model

BT HPM By TAE LR 5 ih B3R 53 i
ERHAEMTEHRE, 0020 bR R g
Rt B2 ST 2 R, Oy T o R | |

AR R A SRR R e A
AT AL PR R 7 RN .
SR IG . 1 IM, IMLC (inductive miner life Y=

cycle) ¥Z 8 17 A JT 4 fl 45 3R A8 T /Y Petri M 3 5 (b) L 38 AT A
oy IR R R B TR . B e . 51 to- 7 REHLERAN
ken T Vi 4% R 7 AR AR 15 2% VEA §8 AR Fig. 7 Rule of flattening hierarchical Petri Net
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Table 3 Performance comparison of three mining algorithms

4 M IMLC HPM

H& fitness precision F-score fitness precision F-score fitness precision F-score
Sessionl 1.00 0.06 0.11 0.50 0.07 0.12 0.99 0.07 0.13
Session2 1.00 0.04 0.07 0.50 0.06 0.10 0.99 0.07 0.13
Session3 1.00 0.07 0.13 1.00 0.07 0.13 0.99 0.10 0.18
Session4d 1.00 0.08 0.14 0.99 0.13 0.22 0.99 0.14 0.24
Sessiond 1.00 0.07 0.13 0.96 0.07 0.13 0.99 0.09 0.16
Session6 1.00 0.04 0.07 0.50 0.06 0.10 0.99 0.07 0.13
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