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Process mining is an analytical technique aimed at obtaining useful information about a process by extracting a process model
from events log. However, most existing process models are deterministic because they do not include stochastic elements such
as the occurrence probabilities or execution times of activities. Therefore, available information is limited, resulting in the limitations
on analyzing and understanding the process. Furthermore, it is also important to develop an efficient methodology to discover
the process model. Although genetic process mining algorithm is one of the methods that can handle data with noises, it has
a limitation of large computation time when it is applied to data with large capacity. To resolve these issues, in this paper,
we define a stochastic process tree and propose a tabu search-genetic process mining (TS-GPM) algorithm for a stochastic process
tree. Specifically, we define a two-dimensional array as a chromosome to represent a stochastic process tree, fitness function,
a procedure for generating stochastic process tree and a model trace as a string of activities generated from the process tree.
Furthermore, by storing and comparing model traces with low fitness values in the tabu list, we can prevent duplicated searches
for process trees with low fitness value being performed. In order to verify the performance of the proposed algorithm, we
performed a numerical experiment by using two kinds of event log data used in the previous research. The results showed that
the suggested TS-GPM algorithm outperformed the GPM algorithm in terms of fitness and computation time.

Keywords : Process Mining, Stochastic Process Tree, Tabu Search-Genetic Process Mining Algorithm, Fitness
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<Figure 1> Operator Nodes in Process Tree
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O Operator node / activity node
D timing information node

Timeinterval node
betweenadjacentactivities , @
Sequence 115
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probability [Coru ]
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Single activity execution time node

<Figure 2> Example of Stochastic Process Tree
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(i) The Process tree that composed by Operator(operator node)

Gperaoy

&a, b(activity node)
@ @
(ii) Filter th log wheretheactivity node a or b is execute
CaseID| Trace CaselID Trace

1 a 1 a
2 a 2 a
5 a
5 a 6 b
6 b 9 a-b

|| 10 a-b
9 a-b 11 a-b
10 a-b 18 a-b
11 a-b 19 b-a
20 b-a
18 a-b
19 b-a
20 b-a

(iii) (exclusive or operator) Calculating Sequence probability information
p - freq(a) __9

*" freq(a)+ freq(b) 9+7

P, — freq(b) _ 7

b " freq(a) + freq(b) 9+7

v freq(x) : The frequency at whichactivity x occurred in the event log

=0.5625

=0.4375

(iiv) (or operator) Determine the number of child activities and calculate the probability
ofasequence
(# of event logs that occurred in only one of aorb) 4 - TeL256

Pone = _
one (# of event logs where a or b occurred) 10
trace1,2,5,6,9,10,11,181920

(# of event logs that occurred in bothaand b) 6 .. trae91011181920

Poyo = -
two (# of event logs where a or b occurred) 10 - rae1,2,5,6,910,11,181920

Pap(Pgs>p) : The percentage of the trace that
preceded ‘a’ by the trace that contains activity a, b

_4 . tae91011,18
¥ Pap(Pash) =3 " y20e910,11,18,19,20

Pup(Pa<p) : The percentage of the trace that
preceded ‘b’ by the trace that contains activitya, b

2 .. trace19,20
¥ Ppa(Pach) = ¢ 1rae9,10,11,18,19,20

<Figure 3> Example of Sequence Probability Calculation
Using Event Log
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EHHEE *LF/—]IJ?:_- A ]X] P,.7% MJ groll wet A
= /Kg/lé?}]:]_
g){o] 04 p“wg}o] 0.6°]2 2 ZE&Egko w

7hA ]E HE”OH traces A/ erh. whd 270 ] HE]H]
E o] &3 traces AEsh= 4T, B, 7ol 213, B, o]
139] 2 2 tracex 2/3 EEZ a-b7}, 113 EEE b-a7l AA
A} v wro 2 (i) parallel 44 == E P, B,
g5 ol W} traceZ a-b S b-as AT

EJH] E]

> boT
!
Eg
N

3.2 TS-GPM &112|E AA
3.2.1 7]& o}o]r]e]

E =Fo|A A¢tE TS-GPM &g &9 71& ofo]r]

Exclusive or

(P, = 0.5625,
P, = 0.4375

+  With probability P, 2 trace 2"
*  With probability P, = trace B"

OR Or

Pone (Pa,Pp) = Py,
Pivo(Pab, Ppa)

: extracting trace using one activitiy node
«  With probability P, = trace’a’

« With probability P, 2 trace b’

* Pa,  extracting trace using two activitiy node
»  With probability P,y (Pg-p) P trace a-b’
«  With probability Py, (Pg<),) & trace b—a’

Parallel

- With probability P (Pyss) & trace a-b’
*  With probability Py, (P,<,) 2 trace b—a’

<Figure 4> Trace Generation Rules
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<Table 1> Example of Process Tree Chromosome

N,\?g_e NodeName Parents | Depth gﬁg‘; Sequii r;g(ramzrt?ob:bllny Timing information Path
0 | SEQ(Root) 0 1 SEQ(Root)
1 1_XOR SEQ(Root) 1 1 Py, P3, P, tridist(a;, my, by) SEQ(Root)/1_XOR
2 |2 Restart repair 1_XOR 2 0 - tridist2(0, 0, 0) SEQ(Root)/1_XOR/2 Restart repair
3 3_Archive repair 1_XOR 2 0 - tridist3(0, 0, 0) SEQ(Root)/1_XOR/3_Archive Repair
4 4 Inform user 1 XOR 2 0 - tridist4(0, 0, 0) SEQ(Root)/1_XOR/4 Inform User
5 |5 PAR SEQ(Root) | 1 1 Py Py Py tm”g:::xz ;":51 bts) SEQ(Root)/5_PAR
6 | 6_Repair Complex 5 PAR 2 0 - tridist6(0, 840, 3000) SEQ(Root)/5_PAR/6 Repair Complex
7 | 7_Analyze Defect 5 PAR 2 0 - tridist7(300, 600, 600) SEQ(Root)/5_PAR/7_Analyze Defect
8 8 Repair Simple 5 PAR 2 0 - tridist8(300, 300, 1200) | SEQ(Root)/5 PAR/8 Repair Simple
9 9 Register SEQ(Root) 1 0 - tridist9(0, 0, 0) SEQ(Root)/9 Register
10 | 10_Test repair SEQ(Root) 1 0 - tridist10(300, 360, 600) SEQ(Root)/10_Test Repair
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(i) Activity = [A, B, C, D, E], N(Activity) = 5
Random Vector(depth 1) : 5> {1,4}
DepthIncrease point : 2

(ii) Activity = [A, B, C, D, E], N(Activity) = 5
Random Vector(depth 1) : 5 = {1, 4}

Depth Increase point : 2
Random Vector(depth 2): 4> {1,2,1}
Depth Increase point : 2

(i) Activity = [A, B, C, D, E], N(Activity) = 5
Random Vector(depth 1) : 5 = [1, 4]
Depth Increase point : 2
Random Vector(depth 2): 4 = [1,2,1]
Depth Increase point : 2
|T{andomVecmr(depth 3):2[1,1] |

Depth Increase point: -

(iv)

= Activity Node .

= Eventlog activity is non-restored
randomly extracted and placed one by
one

= Operator Node O

= Five types of operator nodes are

extracted and restored

<Figure 5> Procedure for Determining Process Tree Struc-
ture by Random Number Vector
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<Figure 6> Rules for Generating Trace
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<Figure 7> Procedure for Extracting Model Trace
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<Table 2> Parameters for Numerical Experiments

Event log Population size Generati-on Elite rate Inferior rate Mutation rate Sampling rate
repair 100
- 100 0.2 0.01 0.6
teleclaim 50
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<Table 3> Attributes of Experiment Event Log

Event log # of event # of case # of activity
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<Table 4>+ repair event log Hl°|HE GPM ¢l
3 TS-GPM gt Foll &3 Z2Ax Eg &8t
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<Table 4> Results of t-Test for Repair Event Log

i 100 Generations 500 seconds
Repair event log
GPM | TS-GPM | GPM | TS-GPM
Mean of fitness value | 0.823 0.861 0.818 0.861
Increasing rate of
fitness value(%) 46 33
# of data 30 30 30 30
Degrees of freedom 58 58
P(T< = t) estimation 0.016 0.013
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<Table 5> Experimental Results Using Runtime 500 Seconds
for Repair Event Log

Repair event log Mean | Std. Dev.
Maximum fitness value 0.818 0.07
GPM | # of generations 38.1 3.12
Computation time for best fitness(%) | 304.0 50.62
Maximum fitness value 0.861 0.06
TS-GPM | # of generations 15 4.56
Computation time for best fitness(%) 92.9 13.98

<Table 6> Result of t-test for Teleclaim Event Log

Teleclaim event log 100 Generations 500 seconds
GPM | TS-GPM | GPM | TS-GPM
Mean of fitness value | 0.812 0.851 0.799 0.851
e s |4
# of data 30 30 30 30
Degrees of freedom 58 58
P(T< = t) estimation 0.0000000013 0.00000004

<Table 7> Experimental Results Using Runtime 500 Seconds
for Teleclaim Event Log

Teleclaim event log Mean | Std. Dev.
Maximum fitness value 0.799 0.04
GPM | # of generations 39.5 9.37
Computation time for best fitness(%) | 424,79 50.62
Maximum fitness value 0.851 0.02
TS-GPM | # of generations 20.8 4.56
Computation time for best fitness(%) 534 2847
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