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Abstract -- Generating process models that reflect close 

behavioral resemblance to the actual process Standard 

Operating Procedure (SOP) in process mining can be 

challenging without taking the four quality criteria of 

process discovery into account. The four quality criteria, i.e. 

fitness, precision, generalization, and simplicity, should be 

well balanced in order to produce proper process models 

which are aligned to the real-life executions. This paper 

proposes a method to optimize process discovery quality 

criteria (PDQC) by implementing different thresholds and 

analyzing calculation results using Receiver Operating 

Characteristic (ROC) curve and Infrequent Inductive Miner 

algorithm. This paper sets up two experiments with different 

scenarios to measure the calculations of quality criteria and 

the quality of generated models. The experiments compare 

two SOPs to the process models discovered by Infrequent 

Inductive Miner algorithm; hence the SOPs serve as 

references to determine the generated models quality. The 

purpose of applying two different scenarios in the 

experiments is to discover how well the Infrequent Inductive 

Miner thresholds can produce predictive models under these 

two different scenarios circumstances. This paper has been 

successful in predicting the best-fit model in reference to the 

SOPs by optimizing the four quality criteria of process 

discovery using ROC thresholds settings and by using 

infrequent inductive miner algorithm for models generation, 

and also in improving the accuracy of models measurements. 

The accuracy rate of the prediction model from Experiment 

1 is 83%, while Experiment 2 yields an accuracy rate of 

88%. The most optimal threshold settings to generate the 

best model in this paper are threshold 0.4 in Experiment 1 

and threshold 0.5 in Experiment 2. 
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I. INTRODUCTION 

The purpose of process discovery, which is a sub 

study of process mining, is to generate process models 

from event logs or event data derived from information 

systems [1]. The quality of generated process models in 

process discovery largely depends on the reliability of 

event logs and algorithm used for extraction. Measuring 

the quality of process models should be easier and more 

relevant when SOPs that regulate how processes should 

be performed are available and used as references[1][2].   

Four dimensions of quality criteria should be taken 

into account when generating models to optimize the 

quality of process models. These criteria are: Fitness, 

precision, generalization, and simplicity [1][2][3]. The 

fitness dimension concerns with how traces in event logs 

can be replayed by the models [1]. However, high fitness 

score would include all traces, which means that the 

models also accommodate traces which actually do not 

conform to actual procedures [4]. Precision is related to 

how far a model would allow behaviors in its structure. 

Generalization has a role in making sure that a model 

does not strictly limit behavior to what is seen in the event 

log, while simplicity dimension aims to prevent a model 

from displaying too complex behavior [1][4][5][6]. More 

detailed explanations about these four competing criteria 

will be discussed in later part of this paper. 

In order to produce process models that closely 

represent their real-life SOPs, the four criteria should be 

well balanced to prevent the resulted models from 

underfitting or overfitting [1]. Balancing the four quality 

criteria for process discovery can be very challenging as 

those criteria are most often not supplementary to each 

other [2].  

 

 

 

 

 

 

 

 

Fig.1. The four competing criteria of process discovery [1] 

There are quite a few studies that have proposed 

methods in managing and balancing these criteria. Most 
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of the proposed methods are limited to focus on 

compensating two of the four competing criteria. One 

such example, Seppe K.L.M vanden Broucke, et al. in [7] 

proposed a method for determining precision and 

generalization of process models using weighted artificial 

negative events. The study has been successful in giving 

contributions in forms of techniques in dealing with 

incomplete logs, a new generalization metrics, and their 

application on Petri net models. These new techniques 

and metrics have been made available in ProM [7]. 

Another example of such studies, Anja F. Syring, et. al 

in [8] formulate and evaluate several conformance 

propositions. The study revealed wide differences 

between propositions that were evaluated. Many of the 

requirements that were evaluated in the study did not meet 

by contemporary conformance measures [8].  Most of, if 

not all, the propositions discussed in the study 

concentrated on precision and generalization dimensions. 

In this particular paper, there are several 

implementations and their expected outcomes resulted in 

from conducting the methodology. Firstly, this paper 

proposes an approach for balancing all four of quality 

criteria in process discovery. The proposed method uses 

R.O.C curve as a tool for conducting the quality criteria 

measurements. Secondly, this paper discusses techniques 

for determining optimal threshold for generating the best 

models in relation to the SOPs. And, lastly, this paper 

evaluates the performance of Infrequent Inductive Miner 

algorithm in ProM in generating process models under 

different experiments scenarios and threshold settings. 

 

II. PRELIMINARIES 

In this section of this paper, basic notations and 

background concepts are introduced in relation to process 

mining, process discovery, R.O.C., and the Inductive 

Miner algorithm fields of study areas. 

A. Process Mining 

Process mining is a relatively new field of study that 

concentrates on discovering, evaluating, and improving 

business processes. Most researchers put this young 

discipline between machine learning and data mining [9]. 

Process mining activities can be simply described as 

generating knowledge of how business processes are 

actually carried out by extracting execution models from 

event logs that are available in information systems [9][2].  

Scholarly researchers agree that there are three main 

classifications of process mining techniques, which they 

are: 

1) Process Discovery: This technique focuses on 

creating new process models based on event logs data 

extractions. Further explanations for process discovery 

will be discussed later in this paper [1].  

 2) Conformance Analysis: This technique is primarily 

used when there are already procedures or priori models 

of certain business processes. The goal of this activity, as 

the name suggests, is to evaluate whether or not processes 

are carried out following procedures. Conformance 

analysis can also be used to locate problems in existing 

models and to improve the models based on the findings. 

Finding bottlenecks is one of the most regularly 

performed activities from this technique, for example [1].   

3) Performance Mining or Process Enhancement: This 

technique is actually the extension of conformance 

analysis technique where procedures or priori models that 

have already been in place are required [1]. Performance 

mining concentrates on other aspects of the reviewed 

models such as time of processing, waiting times, cycle 

periods, and financial or non-financial costs. Thus, the 

goal of this activity is not to check process conformance 

but to improve the processes and to enhance the existing 

procedures. 

B. Process Discovery 

Process discovery is the first classification and some 

might argue is the most challenging activity in process 

mining domain. The main idea of this activity is to 

capture behavior of a system by extracting its event log. 

The outcomes from the activity are model processes [1]. 

To generate such models, various algorithms are used to 

map the logs into representative models.   

The requirement that the generated models from the 

algorithms are “representative” does not give many details 

about how the implementations should be carried out. To 

achieve the “representativeness”, there are four quality 

criteria that should be taken into account when generating 

models [1]. Namely, the criteria are: 

1) Fitness: In general, fitness dimension 

accommodates behaviors seen in the event logs to be 

replayed in the generated models. The measurement for 

this criterion is valued ranging from 0 to 1 [4][1]. 

However, it is useful to keep in mind that when a model 

has a very high fitness value, this would also mean the 

model maps all traces including noises and 

incompleteness.  

Fitness dimension quality (Qf) can be measured by 

averaging Parsing Measure (PM) and Continuous 

Parsing Measure (CPM) [4]. The mathematical formulas 

for fitness quality measurements can be expressed as 

follow:   

PM  =  
�

�
     (1) 

CPM  =  
�

�

����	

�
+ �

�

����	

�
   (2) 

Qf  =  
�
��
�

�
    (3) 

where: 

c : number of traces that are mapped in the generated  

   process model. 

t  : total number of traces in an event log 

m : total number of activities that are not included in the  

   process model 

r : number of remaining activities in an event log after a  

  model is generated 

e : total number of activities in an event log. 

2) Precision: This dimension can be treated as one of 

the aspects for evaluating a generated model. Precision 

criterion focuses on how a model should represent 

activities that are captured in an event log [1]. Precision 

is, in the same sense, related to overfitting notation in data 

mining context. A model is overfit when it specifically 

replay all of the traces in an event log. As in fitness 



dimension, precision quality measurement is also valued 

ranging from 0 to 1 [4]. 

Confusion matrices are required when calculating 

precision quality. The mathematical formula to perform 

precision calculation (Qp) can be expressed as follow: 

 

Qp  =  
��
��

      (4) 

where: 

tp: number of true positives in an event log traces  

     included in a process model 

p’ : total of true positives and false positives of all the  

     traces included in a process model. 

3) Generalization: This dimension denotes that a 

generated model needs to generalize in order to 

accommodate behaviors not seen in an event log [1]. 

Generalization scores ranging from 0 to 1 wherein scores 

closer to 1 will generate underfit models [4]. 

Generalization can be calculated using the following 

equation. 

Qg = 1- 
� � √�	���

�
�

         (5) 

where: 

o : the number of operator nodes in a process tree 

t  : operator nodes implemented in an event log 

e : the number of operator nodes implemented in traces in  

     an event log 

4) Simplicity: This dimension of process discovery 

embraces the principle that the simpler a model, the better 

[1]. The simplicity measurement in a model can be 

calculated by comparing the size of the process tree of a 

model to the number of activities in an event log [4]. 

The calculation for simplicity dimension can be 

performed using the following equation. 

Qs = 1 − � � �

� � �
       (6) 

where: 

r   : the number of activity variants in an event log that  

       redundantly appear in the process tree 

a  : the number of activity variants in an event log that do  

       not appear in the process tree 

l   : the number of leaf nodes in a process tree 

v  : the number of activity variants in an event log 

 

C. Receiver Operating Characteristic (ROC) 

ROC is a graphical curve that demonstrates the 

accuracy of a classifier system as its threshold is set to 

various position. The ROC curve in general is created by 

plotting the true positive rate (TPR) against the false 

positive rate (FPR) [10]. 

In performing its calculation, ROC typically utilizes 

confusion matrix which is a kind of contingency table 

with actual and predicted dimensions. This matrix is used 

to calculate the values of true positive (TP), false positive 

(FP), true negative (TN), and false negative (FN) in any 

given threshold setting [10]. The calculation results from 

the confusion matrices are then further calculated to 

discover the value of TPR, FPR, true negative rate (TNR), 

and false negative rate (FNR). The next step is normally 

setting up an ROC plot curve from the various thresholds 

calculations from earlier stage. The ROC plot helps us 

compare classifiers (from the thresholds settings) and 

determining the classifier that is closest to (0,1) and the 

furthest from TPR=FPR [11]. In simpler explanation, this 

means the best predictor would be located near or at the 

top left corner of the ROC curve. 

The following equations are used in this paper to 

create and analyze ROC curves [10][11][12][13]. 

   TPR = 
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where: 

P  : condition positive 

N  : condition negative 

ACC  : accuracy 

D. Infrequent Inductive Miner Algorithm 

Infrequent Inductive Miner is a variant of Inductive 

Miner algorithm. Inductive miner is a discovery approach 

to create a Process Tree for a given event log [14]. This 

algorithm offers advantages such as the discovered 

models always correspond to sound, block-structured 

workflow net (WF) systems [15]. This algorithm is 

embedded as a plug in in ProM. 

Infrequent Inductive Miner algorithm enables users to 

set various thresholds in process discovery in accordance 

of necessity [16]. This, hence, is a suitable tool to be used 

for testing Experiment 1 and Experiment 2 in this paper. 

III. EXPERIMENTS 

This paper uses two experiments scenarios, which are:   

1) Experiment 1: Uses 12 traces in which the traces do 

not represent all of the possible paths of its SOP process 

model. The SOP designed for Experiment 1 has complex 

behavior containing a short loop and invisible tasks. The 

data set used to test this scenario is not normalized which 

means noises such as uncompleted tasks are calculated.  

2) Experiment 2: Uses 32 traces accommodating all 

possible paths of its SOP. The SOP used for Experiment 2 

is designed in a simpler manner, compared to that of 

Experiment 1, containing only invisible tasks without 

loops. The data set used in Experiment 2 was normalized 

before being processed in this experiment. The 

normalization aims to eliminate noises in the event log. 

The goal of using two different experiment scenarios 

is to find out the soundness of process discovery under 

these two different circumstances using PDQC 

optimization method proposed in this paper. Both 

Experiment 1 and Experiment 2 deploy 11 models to be 

simulated. Each model simulates different threshold 

settings, ranging from 0 to 1 threshold set ups. Fitness, 

precision, generalization, and simplicity scores are all 

calculated in every model.   

PDQC optimization method proposes 10 steps in 

running these experiments. The steps are in this following 



order: First, SOPs are designed to be used as references in 

both scenarios. Second, synthetic event logs are created to 

be used for simulations in these experiments. Third, the 

dataset is normalized before it is used for further 

simulation (this third step is exclusively for Experiment 2 

scenario). Fourth, conformance tables are made to mark 

the traces conformity status. Fifth, the conformance tables 

are scatter plotted into threshold curves. Sixth, fitness (F), 

precision (P), generalization (G), and simplicity (S) scores 

are calculated for each of the 11 threshold simulation 

models using (1), (2), (3), (4), (5), and (6). Seventh, 

calculation results from step sixth is then processed using 

(7), (8), (9), and (10) to figure out the TPR, FPR, TNR, 

and FNR. Eighth, the calculation results are analyzed and 

mapped into ROC curves. Ninth, the prediction model 

accuracy is calculated using (11) to measure the quality of 

the prediction model. And tenth, the most optimum 

thresholds are selected to generate the closest model in 

reference to the SOPs.      

The SOPs, conformance tables, threshold curves, ROC 

curves, and ProM 6 are the primary tools used in the 

experiments. However, there are also other tools that are 

indispensible in conducting the experiments. The 

complete sets of tools used in this paper are:  

a) Standard Operating Procedure (SOP): An SOP can 

be described as a sequence of instructions that is designed 

to be a reference of how routine operations should be 

carried out. The SOPs used in this paper were designed in 

different behaviors to test the quality of proposed 

discovery method. 

b) Synthetic Event Logs: A synthetic event log is an 

artificial event log which is normally made to fill specific 

needs, usually for demonstrations and simulations 

purposes. This paper uses two synthetic event logs to be 

adapted to Experiment 1 and Experiment 2. 

c)  Conformance Table: A conformance table is 

simply a table that illustrates conformity level of subjects 

towards a particular standard. In this paper, the subjects 

are the traces from the synthetic event logs and the 

standards are the SOPs designed for Experiment 1 and 

Experiment 2. This paper uses two conformance tables, 

one for each experiment. 

d) Scatter Plot Graph: A scatter plot is a diagram 

using Cartesian coordinates to display data with two 

variables. In performing ROC analyses, two scatter plot 

diagrams are used to help with the measurements in this 

paper. Fig. 2 shows an example of a scatter plot diagram 

used in this paper. 

 

Fig.2. Scatter plot graph used for Experiment 2 in this paper 

e) Confusion Matrix: A confusion matrix is a 

contingency table with actual and predicted dimensions. 

In general this table is used to report the values of TP, FP, 

TN, and FN. Confusion matrices offer more detailed 

analysis compared to other methods. In this paper, a 

confusion matrix is used in each 11 models in both 

Experiment 1 and Experiment 2. In total, there are 22 

confusion matrices used to perform ROC calculations in 

this paper.  

f) Process Tree: A process tree is a schematic diagram 

of processes. In simple explanation, a process tree shows 

how a subject related to other subjects in a hierarchical 

model. Fig. 3 shows an example of a process tree that is 

used in this paper. 

 

Fig.3. The process tree of ROC threshold 0.1 setting in Experiment 1 

  g) ProM 6: ProM 6 is an open source application of 

process mining discipline that is used to generate process 

models from event logs. ProM 6 is an extensible 

framework that offers numbers of plug-ins for process 

mining techniques. This paper uses ProM 6 to run the 

Infrequent Inductive Miner algorithm.    

IV. RESULTS AND DISCUSSION 

The results and analysis for both Experiment 1 and 

experiment 2 can be described as follows. 

1) Experiment 1: Following the 10 steps (minus the 

third step) of PDQC optimization method, Experiment 1 

has resulted in simulations that some of the most 

illustrating steps are discussed in this section. The 

discussion is as follow. 

SOP used for Experiment 1 can be observed in Fig 4. 

 

 
 

Fig.4. Standard Operating Procedure designed for Experiment 1 

 

Table I in the next page shows conformance status of 

the traces of the synthetic event log created for 

Experiment 1. 

 

 

 



TABLE I: EXPERIMENT 1 CONFORMANCE TABLE 

Case ID Trace 
Number of 

Activities 
Conformance 

1 (a, i) 2 0 

2 (a, e, f, i) 4 1 

3 (a, b, c, d, a, e, f, i) 8 1 

4 (a) 1 0 

5 (a, g, i) 3 0 

6 (a, e, f, h, i) 5 1 

7 (a, b, c, d, a, e, f, h, i) 9 1 

8 (a, e, f, g) 4 0 

9 (a, b, c, d, a, e) 6 0 

10 (a, b, c, d, a, e, g, i) 8 1 

11 (a, e, b) 3 0 

12 (a, e, g, i) 4 1 

Table II shows calculations results for F, P, G, and S 

criteria; the numbers of TP, FP, TN, and FN; also the 

scores of TPR, FPR, TNR, and FNR for each threshold 

(Thsld) in Experiment 1. 

TABLE II: PREDICTION MODEL OF EXPERIMENT 1 

Prediction Model 

Thsld TP FP TN FN TPR FPR TNR FNR F P G S 

0.0 6 6 0 0 1.0 1.0 0.0 0.0 1.00 1.00 0.55 0.50 

0.1 6 6 0 0 1.0 1.0 0.0 0.0 1.00 1.00 0.55 0.50 

0.2 6 5 1 0 1.0 0.8 0.2 0.0 0.95 1.00 0.55 0.50 

0.3 6 4 2 0 1.0 0.7 0.3 0.0 0.90 1.00 0.54 0.50 

0.4 6 2 4 0 1.0 0.3 0.7 0.0 0.79 1.00 0.52 0.50 

0.5 4 1 5 2 0.7 0.2 0.8 0.3 0.62 0.67 0.44 0.56 

0.6 3 1 5 3 0.5 0.2 0.8 0.5 0.55 0.50 0.37 0.61 

0.7 3 0 6 3 0.5 0.0 1.0 0.5 0.48 0.50 0.33 0.61 

0.8 3 0 6 3 0.5 0.0 1.0 0.5 0.48 0.50 0.33 0.61 

0.9 1 0 6 5 0.2 0.0 1.0 0.8 0.32 0.17 0.14 0.94 

1.0 0 0 6 6 0.0 0.0 1.0 1.0 0.00 0.00 0.00 0.00 
 

Fig. 5 shows calculation results of the quality criteria 

for each of 11 models deployed in Experiment 1. 

 
Fig. 5. Quality criteria chart for Experiment 1 

Process models generated from ProM 6 using 

Infrequent Inductive Miner algorithm that show underfit, 

optimal fit, and overfit models resulted from different 

threshold settings in Experiment 1 can be seen in Fig. 6, 

Fig. 7, and Fig. 8. 

 

Fig. 6. Process model generation using Infrequent Inductive Miner 

algorithm in ProM 6 with 0.1 threshold setting results in an underfit 
model 

 

Fig. 7. Process model generation using Infrequent Inductive Miner 

algorithm in ProM 6 with 0.4 threshold setting results in an optimal fit 

model 

 

Fig. 8. Process model generation using Infrequent Inductive Miner 

algorithm in ProM 6 with 0.7 threshold setting results in an overfit 
model 

 At this stage, the prediction model from Table 2 is 

then mapped into an ROC curve by plotting TPR against 

FPR, as seen in Fig. 9. 

Fig. 9 suggests that threshold 0.4 serves as the best 

predictor among other predictors for it is located in the 

furthest point from the diagonal random classifier line in 

the middle of the curve. Threshold 0.4 represents 100% of 

TN and 30% of FN, thus offers 83% accuracy rate 

(calculated using (11) → 
�
��!

�
��!� 
� !
= (�)

(���)�*
=

0.83 ) for Experiment 1 scenario. This statement aligns 

with Fig. 7 where the process model is generated using 

Infrequent Inductive Miner algorithm in ProM 6 with 0.4 

threshold setting. The model shows closest resemblance 

to the SOP used as reference for Experiment 1. 

 

Fig. 9. ROC curve for Experiment 1 

2) Experiment 2: Employing all of the 10 steps of 

PDQC method, the simulation results of Experiment 2 

will be discussed in this section. 

The SOP for Experiment 2 is as seen in Fig. 10. 

 

 
 

Fig.10. Standard Operating Procedure used for Experiment 2 

Conformance table for Experiment 2 is as described in 

Table III. 

 

 



TABLE III: EXPERIMENT 2 CONFORMANCE TABLE 

Case ID Trace 
Number of 

Activities 
Conformance 

1 (a, b, c, d, e, f, i) 7 1 

2 (a) 1 0 

3 (a, b, c, d, e) 5 0 

4 (a, b, c, d, e, i) 6 1 

5 (a, b, c, d) 4 0 

6 (a, b, c, d, f, i) 6 1 

7 (a, b, c) 3 0 

8 (a, b, c, d, f, g, h, i) 8 1 

9 (a, b, c, d, i) 5 1 

10 (a, b, c) 3 0 

11 (a, b, c, d, f) 5 0 

12 (a, b, c, d, e, f, g, h, i) 9 1 

13 (a, b, c) 3 0 

14 (a, b) 2 0 

15 (a, b, c, d, f, g, i) 7 1 

16 (a, b, c, d, e, i) 6 1 

17 (a, b, c) 3 0 

18 (a, b) 2 0 

19 (a, b, c, d, f, i) 6 1 

20 (a, b, c, d) 4 0 

21 (a, b, c, d, e, f, g, i) 8 1 

22 (a, b, c, d, f, g, i) 7 1 

23 (a, b, c, d, e, f, g, h, i) 9 1 

24 (a, b, c, d, e, i) 6 1 

25 (a, b, c) 3 0 

26 (a, b, c, d, f) 5 0 

27 (a) 1 0 

28 (a, b, c, d, e, f, g, i) 8 1 

29 (a, b) 2 0 

30 (a, b, c) 3 0 

31 (a, b, c, d, f, g, h, i) 8 1 

32 (a, b, c, d, e, f, i) 7 1 

The dataset used for Experiment 2 was tested for 

normality using Kolmogorov–Smirnov before processed 

into calculation phase. The detailed result of normality 

test can be explained as follow: 

H0: Normal data distribution 

H1: Not normal data distribution 

Significance: 0.094 

Indicator: P Value > 0.05, then H0 is accepted. 

Conclusion: The data is normally distributed 

Table IV describes scores for F, P, G, and S criteria; 

the numbers of TP, FP, TN, and FN; and the scores of 

TPR, FPR, TNR, and FNR for each threshold prediction 

model in Experiment 2. 

TABLE IV: PREDICTION MODEL OF EXPERIMENT 2 

Prediction Model 

Thsld TP FP TN FN TPR FPR TNR FNR F P G S 

0.0 16 16 0 0 1.0 1.0 0.0 0.0 1.00 1.00 0.73 0.50 

0.1 16 16 0 0 1.0 1.0 0.0 0.0 1.00 1.00 0.73 0.50 

0.2 16 14 2 0 1.0 0.9 0.1 0.0 0.97 1.00 0.73 0.50 

0.3 16 11 5 0 1.0 0.7 0.3 0.0 0.91 1.00 0.72 0.50 

0.4 16 5 11 0 1.0 0.3 0.7 0.0 0.78 1.00 0.72 0.50 

0.5 16 3 13 0 1.0 0.2 0.8 0.0 0.74 1.00 0.71 0.50 

0.6 15 0 16 1 0.9 0.0 1.0 0.1 0.65 0.94 0.69 0.50 

0.7 10 0 16 6 0.6 0.0 1.0 0.4 0.53 0.63 0.65 0.50 

0.8 6 0 16 10 0.4 0.0 1.0 0.6 0.42 0.38 0.57 0.50 

0.9 2 0 16 14 0.1 0.0 1.0 0.9 0.31 0.13 0.29 0.50 

1.0 0 0 16 16 0.0 0.0 1.0 1.0 0.00 0.00 0.00 0.00 

Fig. 12 describes results of the quality criteria 

calculation for all of the 11 models used in Experiment 2. 

 

Fig. 12. Quality criteria chart for Experiment 2 

Both Fig. 5 and Fig. 12 suggest that F, P, and G 

quality criteria count down while S criterion tends to 

score up as the threshold is raised up. 

 Process models generated from ProM 6 using 

Infrequent Inductive Miner algorithm that show underfit, 

optimal fit, and overfit models resulted from different 

threshold settings in Experiment 2 can be seen in Fig. 13, 

Fig. 14, and Fig 15 respectively. 

 

Fig. 13. Process model generation using Infrequent Inductive Miner 

algorithm in ProM 6 with 0.1 threshold setting in Experiment 2 results in  

an underfit model 

 

Fig. 14. Process model generation using Infrequent Inductive Miner 
algorithm in ProM 6 with 0.5 threshold setting in Experiment 2 results in 

an optimal fit model 

 

Fig. 15. Process model generation using Infrequent Inductive Miner 
algorithm in ProM 6 with 0.8 threshold setting in Experiment 2 results in 

an overfit model 

As implemented in Experiment 1, the next stage of 

demonstration in Experiment 2 will describe how the 

prediction model is mapped into an ROC curve by 

plotting TPR against FPR for further analysis, as shown in 

Fig. 16. 

 

 

Fig. 16. ROC curve for Experiment 2 
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Fig. 16 describes that threshold 0.5 is the most optimal 

predictor among other predictors for Experiment 2 for it 

represents 100% of TN and 20% of FN, thus offers 88% 

accuracy rate (calculated using (11) → 
�
��!

�
��!� 
� !
=

�(��/

�(�/��/�*
= 0.88 ) for this scenario. This description is 

consistent with Fig. 14 which depicts a process model that 

shows very close resemblance to the SOP used as 

reference for Experiment 2. The process model in Fig. 14 

is generated using Infrequent Inductive Miner algorithm 

in ProM 6 with 0.5 threshold setting.  

V. CONCLUSION 

PDQC optimization method using ROC analysis and 

Infrequent Inductive Miner algorithm proposed in this 

paper has been successful in optimizing process discovery 

to generate the best-fit models in reference to the SOPs 

used in the experiments. The method proposed in this 

paper has also improved the measurements accuracy of 

the prediction models. 

The various threshold settings in the scatter plot curve 

in all 11 experiment models of both experiments have 

concluded that: In Experiment 1, increasing value of 

threshold results in descending values of Fitness, 

Precision, Generalization and ascending value of 

Simplicity; In Experiment 2, increasing value of threshold 

results in descending values of Fitness, Precision, 

Generalization, and stagnant value of Simplicity. The 

unchanged value of Simplicity in Experiment 2 is due to 

the event log of Experiment 2 containing significantly 

more traces than the number of traces in Experiment 1 

event log. In general, the more traces in an event log the 

more likely all activity variants in the event log will 

appear redundant in the process tree, hence the Simplicity 

value is not affected.  
The comparison between two different scenarios of 

Experiment 1 and Experiment 2 has concluded that 

Experiment 2 scenario has provided better and more 

accurate prediction for process discovery. The accuracy 

rate of the prediction model from Experiment 1 is 83%, 

while Experiment 2 yields an accuracy rate of 88%. The 

most optimal threshold settings to generate the best model 

in this paper are threshold 0.4 in Experiment 1 and 

threshold 0.5 in Experiment 2. 
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