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Process variant analysis method based on drift detection
LI Ting, GONG Xiugang, XU Xingrong, LI Huiling, NIU Huimin, LIU Cong
(College of Computer Science and Engineering, Shandong University of Technology,Zibo,Shandong 255000, China)

Abstract: Traditional process mining techniques usually assume that the process model does not change over time
during service, but in practice the process model is always dynamically adjusted during execution. Detecting the time
point at which drift occurs and identifying changes in behavior involved in the drift process can help business analysts
better understand process behavior. Most of the existing methods focus on the two separate tasks of drift detection
and variant difference analysis. Drift detection can only locate the key points of change, but cannot describe the chan-
ges in process behavior before and after drift points in detail, so it cannot effectively configure and maintain the
process. Therefore. a comprehensive method that intergrates drift detection and process variant difference analysis is
proposed, which can not only detect the drift but also analyze the difference of process behavior after the drift. The
effectiveness of the proposed method is verified by applying the event log obtained from different types of control
flow changes to evaluate the method.
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Fig. 1 Framework of process variant analysis method based on drift detection
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1) Drift<0, List<-g, C<0, res<-o, D<o
2) For i<—1 to len(trace) —1 do
3) For key to res, key() then

4) if [key[i]€ key[i—1], key[i+1]] then

5) D~{DUres[i]}

6) return D

7) For j<=0 to D[i][n] do (i<<n)

8) if [(D[][j], D[iJ[j+1]]€d and [D[:i][j], D[i][j+1]]>s then

9) List<—{List UD[i][j 1}

10) return List

11) For k<0 to clusters[list, r] do

12)  C=< clusters[ k] then

13)  sort(C)max—>min then

14)  Drift<{Drift UC} then

15) return Dri ft
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Fig. 5 Variant difference analysis algorithm
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1) 8«0, Diff<9, D<9, count<0,

2) For i<=0 to len(Drift)—1 do

3) basic on Drift[i] split L to Lo, L1, Lo,++,L, 1 then
4) Do—y1<{Lo—y,—1} compare [So—p 15 61,

5) count ++

6) For j<=0 to count do

7 found activity and D[ ] then

8) if activity! =D[; ] then

9 Diff<{DiffUD[;]}

10) return Dif f
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Fig. 7 Reference model of the loan application business process

22 Ry 12 i A AR AL O T i D LR AT A I OO R TR B A A T RS X 43 A A (D)
FHEF (RO FIERE(O)3 A1), 38 2 DA AN 203 v Bl AL L FH — A5 20 AH Bk 2 ™ A 6 1> A R 19 25 6 78 AL A
0 :IORIRO,OIR,ORI\RIO ROI, 40, £G4 TOR &l i 4l A (D — A8 i 3l 2R 5 15 (O) %75 3)
S Bl f e R R A BRI A T HE R (RO S5 # ok 3Rk A5



A IS TR AR A TN A R R R A 22 S A0 A ik « 95

e H & f5 ok A& v S i o g i DL b F2 RHEEMEHRTEER
725 B X X SR AR T S AT 06 AR ) T i A Tab. 2 12 Simple control-flow change patterns
BY L BR 5 R BRI AE WS 1 T TR R Al A ik SN Rk el
TG A B 5 AL S5 BB 0 B AL Re 140 S R B 1
40 H &AL 4> 7 R 250,500, 750, 1 000, cf A8 A BRI R
I Ja W B BRI 38 XD 2R & Lp TR 5 B 0
e HE, B 8 DL 250 &H Y H kR HA Pl WA BT IR R R
BT B iz F R HERIR A T AR Ch Bl 54 1 B §)
TR H R BB R 3 AR B 5 21 250 4% Cm T Py B M B 4 S B B R
B H AR 10 4 250 S0 MR i cd WA Bl A7 96 & R
HaR B e IR &3 B Liooso . Cp TS KA B 1
3.2 MR Pm A F BT %53 3 b S B I

PLH PR O A R & Ak B3 Rp B A B I
WIHER R AEEB WA E R LT H. Sw AR P B 1
L SRS B 1) T AL AL T S8 B R A Fr WS A R 0
AN NERIFAEAR RO WA R 3248 ) 45
A R OB/ R RS BE G . O T PR AL T U B e
RO F o A 8 P B S AR v
R RS 4 57 19 B 2 48 A o B DL A 0] 2R FDRS I W00 W A v I S S e
T 5 1) 8 R F (B A 8 19 F-Score O JE 1
T ERE I ////A N ////// N W/ /A = 44/

precision=$, (L R
p B8 HEMELR
recall :m , (2) Fig. 8 Log simulation process

precision * recall

) (precision+recall)”®

Hr: TP Fos BRI 2] 1Y I8 i 3, FP RR RE IR 80 FN SRR T A i B A% U 0 .
TS G ) Y B AT I 28 S AT O AT VERR DA BT — A i T B R B Y D 1 R ) R 4 AR A

) 22 57«

F-Score=2

(3

L (0, Lij = Xij+1s
count = 2{ ! a (4)

= \1, Ii,j#-ri.ﬂrlo

count

PR3
Horbroa HHEREARUE .7 N5 7 DR o AP NRE G R 2, HIEEIRR o TR BT
L. AR R o FEAH RPN HE B o BTN A — B0 AR 1. R Z 8 0. ARG ST O B A —
I 30 & FRAE A FRTE 2 5C & vh i o7 BB T A 2 A R R AR AL
33 XHWER

Sk AR B B RR S AR AN TR RIS (TR A B A8 B (Lvo.sso s Loiossoo » Lrouzso s Liosiooo ) BEAT IR . ] 9 R A HF 5%
FILAEAR AR AE R R AT 12 A S A AR A B AT IR AL A ) 3R . B 1B 9 W] DLE L AR 5T 50k
CRRT AR AR B335 1A G 0 200 S Bl 5 4P 3 428 ROA 185 DR T B S 42 T 588 288~ 48 X AR T 265 2R 79 5 i Gt 181 100 7
MRRPRIE R I o A H AR AZ TR SRR R A — ], R EOER S e A, T 5
M) 4 18] 58 R UE B 32, BOAR SR TE R R R BN S U AT I RICR

a =

(5)




© 96 - L ARARRFFROA AR 2022 % 2 1
1.0 L I
1.01 VE E e =y = = 1 e o LIU,SUU
IRREERRR YY) =
0.8 (({ul{nin) ) ) ‘ v Ly
o PHERAHE ) 1 |
' l‘ DR DI P D <
o .| PRCGORECI D ) )
: oo QHECHENE ) )
g £ fRBEgng )b
0-41 0.4 ’ n((aiajain) )
: DD LD DB 4
JIRYEECR e RO gD b )
0.21 0.2 ’ E’ I’ =’ =>‘ I»‘ I! =’< ! !
MHEEEE R
ECEQ R B B BR B
I o L AR )

0 10 20 30 40 50 60 70 80 90 100
ABIRFA

B9 FRAMGEHEFEXERNTME

Fig. 9 The effect of domain radius on the results
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Time efficiency comparison
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Visualization of variant 1 and variant 2 differential behavior
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