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Abstract— One of the main problems in process discovery is 

obtaining correctness workflow when analysing a Large Event-

Log with high concurrent control flow, complex short loops, and 

uncertainty. ∝�� is a novel method to construct a standardization 

workflow model in the SWF-Net for discovering a large event log 

with high concurrency free-choice, parallel, and non-free-choice 

control flow within an uncertainty short-loop. By the testing 

result, the short-loop construction places with the optimistic and 

pessimistic One-Loop-Free approach have the best results 

compared to other existing methods based on deterministic, 

heuristic, genetic, inductive, also Integer Linear Programming 

algorithms. ∝��  has proofed achieved completeness and 

correctness SWF-Net with high rate on fitness recall up to 95% 

and appropriateness up to 90%.  

Keywords—component, formatting, style, styling, insert (key 

words) 

I. INTRODUCTION  

Business Intelligence (BI) is one of the main critical success 
factors for an organization to align its business strategies with 
its vision [1]. Process mining as an implementation method in 
business intelligence is becoming a complement of data mining 
to extract knowledge [2] and improvement process model as a 
piece of valuable information that has a benefit for helping the 
business analyst to manage a complex system [3]. Process 
mining has the developing stage for extracting, discovering, 
monitoring, and improving analysis of the event log from data 
loggers source produced by information system's operation, 
especially an Enterprise Resource Planning (ERP) system. 
Therefore, Process mining accomplishes within Process-Aware 
Information Systems (PAISs) [4].  

Business Intelligence (BI) is one of the main critical success 
factors for an organization to align its business strategies with its 
vision [1]. Process mining as an implementation method in 
business intelligence is becoming a complement of data mining 
to extract knowledge [2] and improvement process model as a 

piece of valuable information that has a benefit for helping the 
business analyst to manage a complex system [3]. Process mining 
has the developing stage for extracting, discovering, monitoring, 
and improving analysis of the event log from data loggers source 
produced by information system's operation, especially an 
Enterprise Resource Planning (ERP) system. Therefore, Process 
mining accomplishes within Process-Aware Information 
Systems (PAISs) [4].  

As the foremost step in process mining, the process discovery 
constructs a workflow graph model from the task set relation 
contained in the trace event log as the process mining's primary 
goal. Today various discovery methods exist in many process 
mining tools such as Prom, Disco, Aris, Yet Another Workflow 
Language (YAWL), Colored Petri Net (CPN), Business Process 
Modeling Notation (BPMN), and others [5]. Although the 
various algorithms in these various tools have undergone various 
improvements, however improvements are still needed when 
process mining discovery  implemented on the real information 
systems such as the ERP, healthcare, supply chain, financial, and 
other complex systems which has a large event log traces, consist 
of many activities event variants, and generally accompanied 
with a complicated process [2]. 

By the examination, several algorithms that developed in 
PROM includes: deterministic α miner [6] that advanced with α� 
[7], α�� [8], α#[9]; heuristic miner [10], [11] genetic miner [12] 
with advanced by Evolutionary Tree Miner (ETM) [13], 
Inductive miner[14], Integer Linear Programming [15] have not 
achieved completeness and correctness when executing 
discovery in the large event log collected by BPI Challenge such 
as Hospital Billing, Financial Loan,  and others which are the real 
live event log [16]. Without fulfilling completeness and 
correctness, process discovery result does not reflect the real 
operational activities from the business transactions captured by 
the event log [17]. 
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Through the discovery testing use deterministic such as 	, 
α� , and α��  in the PROM, they have many failures. The 
resulting workflow discovery produces many dead tasks and 
deadlocks [18] The many failures result caused by the various 
limitations of the discovery algorithm on executing real large 
event logs with contained complex and uncertainty short-loop. 
For the reason, this research proposes the ∝
� algorithm based 
on the deterministic α as the basis for the short-loop discovery. 
∝
� has a specification for constructing short loop control flow 
through a partition multi-loop concurrency in the optimistic and 
pessimistic -◊-free patterns as the main contribution from the 
method. 

These are many contributions of ∝
� . First, At the pre-
discovery stage, ∝
�  simplifies the footprint features as many 
independent tuples relation by constructing the generalizations of 
input, output, choice, parallel, two-loop, one-loop, and activities 
weight within the Adjacency List Tree (ALT) structure [19], it 
reduces collision between different short-loop pattern on one-
loop (◊) and two-loop (∆). Second, the discovery stage ∝
� 
applies the elimination and fusion rules between the input and 
output tuples for reconstructing the membership of set places of 
-◊-free. Applying the optimistic and pessimistic -◊-free patterns 
to reduce under-fitting generalization on control flow that caused 
ambiguity in SWF-Net [18]. 

 

II. METHOD 

A. Algorithm Comparison 

Within the novel algorithm development, why is the 
classical deterministic still required for process discovery 
although the latest advanced algorithms already exist [11, 12, 
13, 14, 15, 16], where in certain aspects such as robustness and 
speed it has better performance than deterministic [20]. For 
fulfilling the standardization of control flow, deterministic is 
still appropriate because it is specified to describe the entire 
activity traces without simplifying the causality logic pattern so 
that the workflow discovery resulted in the real-life event log 
[21]. However, many strict patterns implemented by 
deterministic has a high risk of failure on dead task and dead 
lock also tend to producing overfitting control flow. On 
appropriateness comparison, workflow result that generated by 
heuristic, genetic, inductive, declarative, ILP, and artificial 
intelligence does not meet the soundness WF-Net (SWF-Net) 
based on the Petri Net where they have more relaxed soundness 
with risk unable to find any meaningful detail patterns within the 
event log [22].  

As for the various algorithms also have model specifications. 
Heuristic builds a workflow network with a direct follow graph 
within the C-Net standardization [23], then genetic [15] and 
inductive [16, 23] miners use the process tree approach that 
cannot discover complex loops or situations multi-choice in 
parallel [24]. C-Net and Process Tree based on the direct follow 
graph, where it has advantage free from discovery failures. WF-
Net especially produced by deterministic has a more mature 
model in fulfilling soundness rule than others [18]. Otherwise, 
with strict control flow rules in detail, SWF-Net's flexibility is 
lower than others, where it doesn’t guarantee free from 
deadlocks and dead tasks [25]. Therefore, improving the 

deterministic algorithm through the advancing of new causality 
patterns makes it appropriate converted to others standardization 
business workflow models such as CPN, BPMN, YAWL [26]. 
So that, it has high scalabity to build as plugin within the existing 
tools. 

B. Deterministic Miner Contribution 

Today many variants of deterministic algorithms developed 
to overcome the specific control flow to fulfil the SWF-Net 
control flow, as described in Table 1. The implementation of 
deterministic in many general cases with executing with the 
PROM has success in obtaining completeness and correctness 
workflow discovery, but with exceptions in the real even-log in 
many competition event logs supplied by BPI can’t resolve the 
problems [27]. Our algorithm contribution in the case as shown 
as Table 1. 

TABLE 1, THE SPECIFICATION OF DETERMINISTIC ALGORITHM 

Year Algorithm Contribution 
Pattern 

2003 α Serial, XOR, 
AND 

2004 α� Short Loop 

2007 α�� Non-Free Choice 

2010 α# Invisible Choice 

2022 ∝
� Un-Safeness Loop 

 

C. Identify Deterministic Weakness 

To find the main contribution, we need to find the 

main deterministic weakness which can be represented with α� 

and α��. By the testing identified, the construction of control 

flow pattern ◊ −
��� they have the weaknesses to perform 

generalization in safeness under two conditions: 

• If the event log occurs contiguously ◊ in the input and 

output place like as �◊{�◊, �} , elimination ◊ −
��� 

output is not safeness deletion on �◊ so that is causing 

the dead task. 

• If the event log has more than ◊ in single places with the 

same input share but different output shares such as 

�{�◊, �◊} − �{�, �} − �{�, �◊}, it made α��  construct 

◊ −
���  aggregation on the two independent places: 

��{�◊, �, �}  and ��{�◊, �, �◊}  where causing the 

ambiguous causality changes from XOR to AND. ◊
−
��� output is not safeness deletion on �◊ so that is 

producing the dead tasks. 

 

D. Solving Method 

The deterministic discovery process aims to establish an 

independent relationship between place and task transitions so 

that the resulting workflow of model avoids ambiguity and 

redundancy. To meet the SWF-Net concurrency control flow, 

∝
� eliminates parallel links, chooses the maximum path, and 

finishes with firing the tasks and places. To solve the multi-loop 

Identify applicable funding agency here. If none, delete this text box. 
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concurrency problem, ∝
�  determines a formula with 2 

generalization terms, namely: optimistic and pessimistic -◊-

free. 

 

 

 

D.1. Optimistic -◊-free  
Generalization -◊-free is performed optimistically if the 

input place  ◊ ∈ "#$◊ ∈ %#  contains the causality of tuple & →
( in the place &{(}, with the terms as described in (4). 

1. If Y*  existed by single ◊ in the tuples sequence 

A{B◊}ϵt◊, B◊{C}ϵt◊ ⇒ p2$◊A{B$◊, C} AND B{}  

2. If Y*  existed by multi ◊ in the same place: 

A{B◊, C◊}ϵt◊, t567ϵB ⊆ t567ϵC ⇒ p2$◊A{B$◊, C$◊ ∪
t567ϵB ⊆ t567ϵC} 

3. If Y*  existed by dual ∆  in the same place: 

A{B∆, C∆}ϵt∆, B∆C, C∆B ⇒ p2$◊A{B$◊, C$◊ ∪ t567ϵB ⊆
t567ϵC}  

4. If Y*  existed by ◊ and ∆  in the same place: 

A{B, C}ϵt◊, B∆C ⇒ p2$◊A{B$◊}, p2$◊B{C$◊ ∪ t567ϵB} 

                                                                                       

(4) 

 
Proof: 

The first, -◊-free generalization is executed if the ◊ predecessor 

has only one output or has only followed causality or t567ϵA ⊆
t567ϵB◊, so implies t567ϵB◊ that can be composed directly into 

the -◊-free place p2$◊A{B$◊ ∪ t567ϵB$◊}. As for if |t567ϵA| <
1  and  t567ϵA ∉ t567ϵB◊, it is not possible to generalize for the 

overall output t567ϵA  ∪ t567ϵB , the generalization can be 

applied to the same output only if t567ϵA ⊆ t567ϵB$◊  that 

implies p2$◊A{B$◊, ∀567}  with the composing output ∀567@
t567ϵA⋀t567B$◊.  Within the provisions, -◊-free ensures the 

removal of all task outputs t567ϵB$◊ which are related with P2 
A{B} ⇒ t567ϵB◊ @ ∅  and PE {A}B ⇒ tFGϵB◊ @ ∅ is safeness as 

shown as Figure 1. 

 

 

Fig. 1. The basic generalization of Optimistic -◊-free in ∝
� 

The second, -◊-free generalization is executed when many 

◊ exist in the same output with termination as the first. For the 

three and four terms, with use dummy event log L1 

generalization, -◊-free can be executed in ∆ if there is dual ∆ or 

multi concurrency ◊ and ∆ such as tuple causalities 

∆{. . BCB. . , . . CBC. . } and ◊ {. . BB. . , . . CC. . } as the result shown 

in the Figure 2, also with L2 single composition as ∆{. . BCB. . } 

and ◊{. . BB. , . . CC. . }  as shown resulting in Figure 3 has the 

same soundness when executing use ∝H�. Otherwise, -◊-free 

generalization has un-soundness when executed with I� and 

I�� as shown as Figure 4 and Figure 5 because both doesn’t 

have condition when p2$◊ is constructed so it should search the 

input and output tuple A →◊ B$◊ which not free from ∆ to avoid 

removal because it’s no safeness. 

 

L1: ABBCBD, ACBCCD, ABCBD, ACBCD, ABD, ACD, AD

  

L2: ABBCBD, ABCBCD, ABCBD, ABBCCD, ABCD, ABD 

 

 

Fig. 2. Soundness -◊-free for Dual ∆ by ∝
� 

 

Fig. 3. Soundness -◊-free for Single ∆ by ∝
� 

 

Fig. 4. Completeness Un-soundness -◊-free for Dual ∆ L3 by J�� 

 

 

Fig. 5. Failed -◊-free for Singe ∆ L4 by J�� 

 

B. Pessimistic length-◊-free  

Pessimistic -◊-free is constructed if %′⍚  has different 

outputs, that lead to under-fitting by generalizing the entire 

output loop, and over-fitting which results in structural changes 

that cause ambiguity to maintain a soundness at SWF-Net. ∝
� 

performs an invisible -◊-free pattern in the invisible task loop 

%′⍚   which has functioned as a predecessor that insulates 

generalizations in both choice and parallel concurrencies as 

figured as Figure 6. 
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Fig. 6. Generalization on the Pessimistic length-◊-free ∝
� 

%′⍚ replaces task ($⍚   so that the composition of place 

& →◊ ($⍚  changes to an independent structure "#M& → %′⍚ 

and "#N%′⍚ → ($⍚ ∪ { OPQ ∊ (} .  The removal of all task 

output relations at place "({}  ensures safeness. Within the 

generalization of the output that only occurs at "�, there is no 

need to change the composition of the output on the multi-

concurrency XOR-loop. To maintain the AND place 

concurrency, the AND place ensures a single input-output is 

performing with the changes in composition. The composition 

of the place input is same as the generalization process on XOR, 

but within the output place  %OPQ , a parallel place is checked, 

which is contain loops to add invisible task input so that the 

parallel independence relationship becomes  "S{%′⍚ , ($◊} →
 OPQ  as constructed by Table 2. 

Through the testing use L1, ∝
� generates the addition of 

short-loop combination in the parallel input place. ∝
� capable 

to generalize multi-concurrency -◊-free on combination of ∆, 

XOR and AND to fulfilling the SWF-Net without modification 

control flow logic through the addition of an invisible-loop such 

as in the AND causality in tuples �{�’, �’}, then for XOR in 

�{�’, �’} as shown in Figure 7. The result can be comparing 

with α�� which has failed discovery. 

L1: ABDDEFGIIM, ABDFEEGINN, ABDEEFGHHJL, 

ABDFEGHJL, ABDEFGHKL, ABCBDEFGIIM, 

ABCBDFEGINN, ACCBDEEFGHHJL 

 

TABLE 2, THE SET OF PLACE INPUT OF INVISIBLE-LOOP  

 

 

 

Fig. 7. , ∝
� Soundness Discovery for the contiguous -◊-free 

As shown in Figure 7, ∝
� gets a soundness for the high 

complexity event-log which has multi concurrency on ◊, ∆, 

XOR, AND with the loop contiguous in the input and output. 

As the same case, α�� has failed discovery same as α�. Both 

has failure because the deletion -◊-free in α�  and α��  is not 

safeness if implemented on the contiguous loop that consist in 

the parallel and free-choice. 
 

III. RESULTS AND DISCUSSION 

By the applying the methods and testing of various short-
loop multi-concurrency patterns within ◊, ∆, XOR, also AND, 
∝
�  algorithm capable to perform ◊-free generalizations 
correctly to meet the Structured Workflow net (SWF-Net) 
soundness. On the other hand, when there is no short-loop 
concurrency, ∝
�  is still able to maintain control-flow 
independenly without being influenced by ◊-free 
generalizations. To measure the SWF-Net quality of discovery 

footprint    Values 

∀|| : {E, F} 

∀∆ : {B, C} 

∀◊ : {B, C, D, E, H, I} 

%XY : A{B, C}, B{C, D}, C{B}, D{E, F}, E{F, G}, F{E, G}, G{H, I
I{M, N}, J{L}, K{L} 

%OPQ  : B{A, C}, C{A, B}, D{B}, E{D, F}, F{D, E}, G{F}, H{}, I{}
c$◊ : {B, C, E, H, I} 

c#  : A{B, C, Dd}, B{ }, C{ }, D{ }, �d{D, E, G}, E{ }, F{
 �′{H, J, K}, �′{I, M, N}, J{}, K{} 

cS : B{}, C{}, D{}, E{}, F{D, �′}, G{F}, H{}, I{}, J{}, K{}, L{J,
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is based on three primary assessments: Correctness, 
Completeness dan Precision [25, 28].  

Correctness is soundness rules that is addressed to fulfill the 

SWF-Net soundness such as rules: 

1. For each " ∈ P and  ∈ T within  {",  } ∈ F: |" • | < 1 

implies |•  | @ 1  

2. For each " ∈ P  and  ∈ T  with {",  } ∈ F : | •| < 1 

implies |• "| @ 1.  

3. For each p ∈ P no implicit places, no need 

synchronization winner transition on concurrent relation 

within {",  }.        
                

Completeness is conformance checker that applied by 

calculate fitness reply 
g as in (6) and also precission measured 

with appropriateness hi [27] as in (7). 

 

fk @ 0.6 n1 − ∑ Gp.qprpsM
∑ Gp.tprpsM

u +  0.4 n1 − ∑ Gp.(k�y)prpsM
∑ Gp.{prpsM

u
                                 (6)         

Where,       
                               

�� : set of instance logs trace 
�� : set of missing links 

� + � : number of remaining Node (r) and 
remaining alternative link (a) 

�� : set of consumed tokens 
�� : set of produced tokens 

   
Then behavioral appropriateness hi, 

                 hi @ � ��(|
�|���)�
�sM

� ��(|
�|��)�
�sM

   

                          (7) 
Where, 

� : number of different traces  

� : number of log traces 

�� : set of process instances combined into 

current trace 

�� : set of enabled transitions 

�� : number of visible tasks 

 

Table 3 shows the comparison of soundness, reply-

fitness and precision appropriateness for ∝
� compared to α� 

and α�� to discover the short-loop patterns. The comparisons 

are only made between deterministic because non-deterministic 

algorithms are not intended to construct the short-loop 

soundness which meets with the SWF-Net rule. Point 1 is 

showing a comparison of multi-loop ∆ concurrency 

accompanied by uncertainty order sequences which can be 

discovered correctly by  α� and α��, but in point 2 α� has un-

soundness also α�� has failed because the algorithm limitations 

in generalizations ◊-free. Generalization ∝
��  is success in 

discovering this pattern even though without apply non 

invisible pattern analysis. 

TABLE 3, THE COMPARISON OF SHORT-LOOP DISCOVERY BETWEEN Α�, Α��, 
AND ∝
�

 . 

Concurrency 

◊-free 
α� α�� αH� 

S F P S F P S F P 

Dual-∆ Loop V 1 1 v 1 1 v 1 1 

Single-∆ Loop V 1 0.9 x 0.7 0.3 v 1 1 

Concurrency 

◊-free 
α� α�� αH� 

S F P S F P S F P 

Contiguous 

loop  

X 0.9 0.7 x 0.8 0.5 v 1 1 

NFC X 0.7 0.3 v 1 0.9 v 1 1 

Hospital 

Billing 

X 0.1 0.1 x 0.2 0.3 v 1 0.8 

BPI-Challenge 

18 

X 0.1 0.1 x 0.2 0.3 v 1 0.7 

 

In Table 3 points 3 and 4, show a multi-concurrency multi-

loop with XOR and AND patterns failed to discover use α� and 

α��. The existence of contiguous short-loops at the input and 

output places is a major caution of discovery failure due to the 

un-safeness elimination which produces deadlocks and dead-

tasks. Besides, there has been a change in the SWF-Net 

causality logic which can made ambiguity in the control flow 

analysis. Although in point 4 α��  is correctness to discover 

NFC both for parallel and free-choice with explicit ◊-free but 

SWF-Net looked complex and over-fitting. 
By the testing using the real large event-log collected by BPI 

in Hospital Billing and BPI-Challenge 18, it was found that both 
α�   and α��   failed to discover because of various algorithm 
weaknesses in the various patterns mentioned, particularly the 
existence of contiguous short-loops at the input and output 
places and uncertainty relation with many invisible patterns. 
While ∝
�� is soundness and free from deadlocks and dead-
task. The picturing of contiguous short-loops in the workflow 
discovery result, indicating the business process is not efficient 
in applications. The other algorithms such as heuristic, genetic, 
inductive, and ILP are not the solutions to construct the SWF-
Net loops because they haven’t intended to produce the 
soundness ◊-free loop pattern. 

IV. CONCLUSION  

The equations are an exception to the prescribed 
specifications of this template. You will need to determine 
whether or not your equation should be typed using either the 
Times New Roman or the Symbol font (please no other font). 
To create multileveled equations, it may be necessary to treat the 
equation as a graphic and insert it into the text after your paper 
is styled. 

Provide by the testing results it can be concluded that 

the novel ∝
�  algorithm  using the independent ALT structure 

is able to accurately perform short-loop discovery patterns for 

the high concurrency both on a structural and behavioral 

perspectives. By the throughout performance, ∝
� has fitness 

reply 99% and precission of 95% that is better than another 

deterministic extension such as α�, and α�� for the short-loop 

application on the uncertainty loops. With the using of 

pessimistic and optimistic -◊-free extension, ∝
�  is free from 

dead-task and dead-lock which caused by high concurrency 

loop in parallel, free-choice and explicit NFC.  

Furthermore, ∝
�  can  discover event-log that uncertainty 
sequence order event though for large event-log because of it has 
simple pattern matcher and tracer. Compared with other 
Algorithm such as Heuristic, Inductive, and Genetic Miner for 
discovery in large event-log, ∝
�   is far better because has 
capability to solve concurrency loop and the others are not. 
Because ∝
�   has capability to apply deterministic without 
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apply data filtering, so it describe a real business process activity 
in complete. It has benefit and very important for auditing to 
improvement the business process, so the business process can 
be aligned with the goals expected by the organization on the 
future. 

FUTURE WORKS 

In the study ∝
�  algorithm implemented with Java 

programming and JGraph visualization library. For further 

development, we plan to develop several features and tools that 

cover various standard business process models, such as 

YAWL and BPMN [29], for online streaming conformance 

evaluation [30], business process auditing also analyze another 

aspect such as frequency and time based [31]. 
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