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Abstract

Process mining is one of the business management techniques for business innovation. While it automates the creation
of execution process models in the information system log, it still relies on the analyst’'s relevant experience and
knowledge of the business domain in analyzing the process content and the root cause of the problem. Since most of the
derived process models are very complicated, an accurate analysis is impossible due to the limitations of human cognition
ability, and most of the process mining algorithms go through an abstraction process. There is a possibility that
distortions may occur in this process, or important issues may be missed. Hence, in this study, we attempted to predict
the process results by using the process prediction model incorporating a LSTM algorithm of machine learning, and then
to apply an explainable artificial intelligence(XAI) technique. Thus, this study has drastically reduced the reliance on the
human intuition and knowledge in the root cause analysis of process mining, enabling the quantitative and rapid analysis.
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olFs] FAsE v B Al Aug T
Hel fsh F2 A} HE 9] ZaAsEs F
AA =i dlo|g 7t == o] Heket FA ] ghA 7} B



20199 118 MAsets =X H563 H11= 47
Journal of The Institute of Electronics and Information Engineers Vol.56, NO.11, November 2019

A qlths FAZE Ak oAl 71 ZEA AnS e ¢xWen f-g6 A AHEE T Yok
mlolyd Ha] b o o Fol| thEk |43} T2 A2 vlo XAI% gk dugls 2 EFE5S dA DARPAY
d Aol g ARIE & Fojstofof shmbd 24 A %9l Explainable Learners, Psychology of
7kl ARHRD gl wet vhE ARt »o |k sy EXplanatlon zz el oe= BMe Al Fairness
4 717te @ AHve oA Fe] stk 360®  LIME(Local Interpretable Model-agnostic
Explanations)'” So] 9lom B AFoA ALg3
2. ZZMA o= LIME ¢85 o5 2d AAE s)Asks Aol of
Z2Ax vlol S B EEH AY ZRAAE 7 Yok F2 JEts wdaA dSo] o9A v =A]
WO R AR ZEAA7E HAE wf s e golsts o)l oA wrelm QEghs 234 nt
&Y S RUE st 5 Z2A 2] 38 AiE ne w 2o qSAnrt A viW, dd My
ARl &= ATe 2710 BAA 7IHS T3 T8 Wt 94 5 glnkar 7Pg i,

Go w2 8 A7FS o ZE5H=1]4] Naive Bayes,
SVM 59 thagt dugFs 7o w00 Im A & & 2ot
B, HolE AMEF dZold, dlold xEsA § oo
ost Fofo] o ZHAo]A] AIwr} =riu g
LSTM e FH - 7o) Zeaz o5 e g
8l Aetwrt =obxleh

2o ZRAA oS dugE B EEoA
© 2 AR89 BPI Challenge 2012 dlo]g Al
guelEy IS ANRS W E 25 2o
805% 7HA AEwEsL R om HojE A&
A o B s 71 2rALE VEer A
St 90% oMo BEEI|E B3]

AT 1% 39 2ol @ ZEA| 2 mpo]dellx] A}
5= XES 35 2 HolHE 7Wre s HdAgE +
et @ wAHY T LSTM Lugl5S o435k
dEnds Jfutste] Z2AA 3 ARE dSsha,
® °] d& 2ds XAl 249 ¥ LIME 4ig5o=
BAste] HE ZRA~ Add 7MY 2 9%
JOJ_ [e}
=3

=

d

1o

AakE Foll ZRAZ olgr ]l

prep ing | KPI Prediction \ Root cause analysis §
Process Mining Machine Learning To-Be Process Design-"

Develop a
predictive model

2 2ne|EY ZRAMA ofF Ml 9

ar

. . I edicti |
Table 2. Process prediction accuracy by algorithm. e

models with XAl

Collect event log
data

Algorithm Accuracy | Precision | Recall | F1-Score
SVM 0.817 0.856 0.822 0.817 ( ] \
Naive Bayes | 0617 | 0633 | 0612 | 055 Pt v s
E;ejfﬁgn 0824 | 0852 | 0824 | 0817 9213 maAA ol% ol Ba RpEst Ma
LSTM 1. Theis Fig. 3. Process Issue Cause Analysis Automation.
ot a1l 0.89% 0.89% 0.89% 0.887

1 48} 7ol
] LSTM &g

>

= T2 ANA7 3 =
5% BPI Challenge 2012 tlo]g] 7]3 B, C == =7k sssie

%% B3 A% Z2A2 F9dat
o Dt AL & AYER 28 = Johw, a9 5
B m2 k0l T W ool Case W kpr D AE BE BIEE AR TSI, 9 0%

Zro &=L E3 = kS

2 o =5 A 16]7]_ AP 7= &gk | XAI &ag]58 S8l 1 oS /Mg & 98S

F A4 9900 Bk A% & 4 A
3. 4Y Jtset SIS (XAl
i oren nors nee wersa vy [I—IEH

ARl g A& Algsta, AHEATE AEAT A=

go) Aukael 27 9 P oldlang e ) E(1%)

5 »[6, 17, 18] R __i‘

D R ssion), A3 NS oAF W g, noga s

T8 e MAE 2488 Hohlo] 52l tdd Fig. 4. Process Predict.

(1113)



48 7|gte|

m D
20% 70% (A e 10%
a3 5. ZZAMA Z3jof cfst el met
Fig. 5. Process Root Cause Analysis.
OW 7129 AAle LEZAM A o dadFe A
E7F F28] 2lE 7hsg aEolofo st Alojth
1. AHE HI0|H MAHE|
AR A P FERor Fa delH A
€3} 1= BPI Challenge 2012 dlo]E A Al-&-35}o]
oS Aol Wt AT st ZR2AL At
sk ¥91s EAIsA T
BPI 2012 dlo|El: vd#zo] & x| zpAo A 2HAY
b ZEALZE RIAGEE A XY ol 9
ol XES ¥ui®Pow F4d dolEHE w3lstol
Case ¥ Activity 3& ¢AUZ FE3 & LSTM &

dof 2&3t7] flte] Ado] Aejeh o] Y= g

S Ak ojw 2 ActivityES 17 == WE3t

92 Embedding Dimension 2703+ A A3}

o F7HAY ZEAZS EAE fE ZEAL mkeld

&A% DISCOoNA Alwste= AlZYGA S Sales ==
O~

Al ol&st3l

E

X

M

Q10| £

—

ol

2. ZE2MA DREXEE Activity | 5 & &2l
BPI 2012 ©|°]E|E Python 7]4ke
Kerasg €-&3to] LSTM E&ES 7 Sipee
#3tgich. Evermanne] A&7 71 @7
Activitys A%3le] o3 E mdS
B AT 542 7 Case 2
MRkE 58k AolBR Input HloJEl= wiA2 L2
A2~ A} o] @7k o] AA| Activityol™, Validation

olH+ Case £ Activity 232 A A3
18]o] AL&-% LSTM 228 Memory

% 33 Zo
Cell /W= 7}7& 71 Case s=7boll 9+ 174702 #1738}
£218 4= binary

L, 243t
g Ay a9 6 9
B!

=
—

Tensorflow £}

e IS
3 3 5 2

A
74
3

=
o]

1__
T

Softmax&
crossentropy & AH&8l9 o 8k ¥

a3 73 o] Accuracy”t 0994 = wj

(1114)

ZZMA nold 24 AS3 ¢ e 9

E 3 HF 2E 2%
Table 3. Prediction Model Summary.

Layer Output Shape I;erz:fétg

Embedding (None, 172, 1) 25
LSTM (None, 174) 122,496
Dense (None, 25) 4375
Total parameters : 126,896
Trainable parameters : 126,896

Training and validation accuracy
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Fig. 6. Predict Model's Accuracy Learning Curve.
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Table 5. Analysis impact by Process Steps.

No. Activity Customer | Employee Product
0 0.0001316 | 0.0004146 | 0.0004371 | -0.0013154
1 0.0002056 | 0.0008775 | -0.0002436 | 0.0002996
2 -0.0006521 | 0.0000884
3 0.0002146 | -0.0007512 | -0.0011972 | 0.0007904
4 -0.0005618 | -0.0001290 | -0.0001325 | 0.0012798
5 0.0005183 | 0.0006102 -0.0007852
6 -0.0009863 0.0009447
7 -0.0000578 0.0001634 | -0.0001420
93 -0.0003568
A 0.0003262
Total | -0.0046516 | 0.0043283 | 0.0009988 | -0.0003569
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