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Abstract 

Process model resulting from small event log datasets can be easily done because currently available 

applications are relatively able to do so. However, when faced with event logs from big data, modelling 

will force the existing applications to work hard. So far, the steps used are sampling of event logs 

resulting from the system. The problem arising is that the sampling process must be done several times 

because it has to check the desired fitness value on the sample taken. If the fitness value has not been 

got, then the sample size is added and the fitness value at a certain iteration is calculated until the 

required fitness value is met. There are many steps to do with this mechanism. Thus, this paper proposes 

an alternative way to reduce the steps by using an appropriate sampling technique. The mechanism used 

is statistical-based sampling simulation in the event log datasets to determine which sampling method 

is stable in the process modelling. The simulation results show that the sampling method using Cluster 

Random Sampling with the error rate or Alpha of 1 % has a relatively stable process model and can 

represent the process model resulting from the event log population. 
(Received in July 2022, accepted in November 2022. This paper was with the authors 3 weeks for 1 revision.) 
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1. INTRODUCTION 

Process modelling is currently becoming an important thing in improving business processes 

in organizations or companies [1]. In the current process modelling, the approach taken is no 

longer based on field observations or interviews with the process users, but it is based on an 

analysis of the system's track record obtained from transactions and operational activities. 

System's track records are obtained from the event logs resulting through the generated activity 

database that is stored on the Server [2]. Companies currently have a large volume of transaction 

activities, so they feel the need for business process analysis [3]. Sometimes some researchers 

and practitioners refer to the large volume as Big Data [4]. 

      In order for the analysis of the resulting event log to be good, process mining is currently 

the most qualified concept [5]. Process mining is a set of analytical activities carried out to 

obtain accurate and precise information related to the discovery of processes that have been 

running through the mechanism of process modelling, process measurement, and process 

performance improvement [6]. Process mining algorithms automatically discover process 

models based on event log data that is captured during the execution of business processes. 

Several studies have shown that most process discovery algorithms are started by building an 

internal data abstraction that is based on the entire event log and then applying the applicable 

filtering steps. Thus, some process discovery algorithms are not able to manage big data, in 

which the event log data is too large to process. In addition, some process mining tools set a 

limit on the size of the event log data [7]. 

      Process discovery algorithms tend to use the entire event log data [8]. How much the event 

log data is required? There are many business processes that have a large volume of 

transactions. However, the ever-increasing size of data handled by process mining algorithms 

causes performance issues when implementing the existing process discovery algorithms. At 
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the same time, the event log data used for analysis usually relates only to certain intervals of 

process execution, not to the entire history [9]. Thus, when dealing with large event log data, it 

is no longer possible to use the existing standard hardware. With the increasing availability of 

event logs associated with business processes, the scalability of the techniques used in 

discovering the process model of event log is becoming a performance bottleneck. Several 

studies show that the development of machine learning algorithms to overcome the problem 

still requires a large amount of money [10]. This indicates that there are many systems that are 

still too complex to describe analytically or that the computation of solutions requires too many 

resources and takes a long time [11]. 

      There are not many studies discussing event log sampling in the process discovery. 

However, there have been several studies in the last decade discussing the use of sampling in 

process mining or process discovery, for example the research conducted by [12, 13]. His 

research was related to event log sampling for process modelling. The research was conducted 

to check the desired fitness value on the sample taken. If the fitness value had not been reached, 

the sample size was added and then the fitness value was calculated iteratively. The purpose of 

this mechanism was to add new sections to the sample until the found process model had the 

required quality and represented the entire event log in a representative way. In 2017 there was 

another study related to event log sampling. The research was conducted to create an algorithm 

to perform sampling that was started with an empty sample. The algorithm having been created 

iteratively added N traces (which were randomly selected) to the samples until it stopped at the 

sample dependency value parameter [14]. Another interesting study came the following year. 

The study introduced a process discovery framework that relied on pre-processing statistics 

from event logs. The main thing to do was to reduce the sample size by reducing the runtime 

and trace in the event log process while setting a guarantee value for sampling errors [9]. The 

research was then developed in 2019, in which the results of the event log sampling were then 

combined with the results of estimation to see their suitability [15]. In 2019, researches were 

developed with the simulation that the approach taken accelerated sophisticated conformance 

checking algorithms by up to three times, while maintaining analytical accuracy [16]. 

      Another approach was used in the event log sampling technique. In order to facilitate 

effective event log sampling, researches had been carried out on LogRank+ based sampling. 

This method ranked the relevance of each trace and then selected the top N traces as log samples 

based on the input sampling rate. In subsequent experiments, each trial log was assigned a set 

of log samples with varying ratio (ranging from 5 % to 30 % with each 5 % increment). This 

was carried out by utilizing the LogRank+ based Event Log Sampling plug-in [7]. This research 

was then developed in 2020, in which LogRank+ sample event logs were used as a reference in 

the process of improving the discovery for describing business process models. The form of 

sample event logs were also developed through graphical form in other studies but still using 

the LogRank+ approach [17]. 

      There was an interesting thing conveyed in research conducted by Sani et al., in which most 

process discovery algorithms tended to use all event log data. Meanwhile, when dealing with 

large event data, it was no longer possible to use standard hardware in a limited time. In his 

research, he stated that a direct approach to overcome this problem was to reduce the size of 

the data by using random sampling method. This study proposed the concept of selecting 

multiple process samples from event logs based on variance or traces and applying process 

discovery algorithms to the selected samples. More metrics were then used to evaluate the 

quality and complexity of the discovered process models. The research showed that it was 

possible to speed up discovery techniques using sampling without losing the quality of the 

resulting process model [18]. This research was then continued by using a sample event log 

mechanism to monitor business processes that aimed to quickly predict the behaviour of 

business processes and to reduce the risk of unwanted behaviour in the process. By taking a 
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sample event log quickly, it could predict the results immediately [10]. Some of the studies 

above are in line with the research conducted by Knols and van der Werf [19]. The research 

was conducted to simulate the quality of the sample size. The event log was divided into several 

sample size groups, such as small, medium, and large sample sizes. The results showed the 

behavioural quality of the event log sample, in which the larger the sample the better. 

      Previous research literature shows that no one has ever done a sampling technique 

simulation in finding a process model. The majority of the research conducted sample event 

logs and measured the fitness value of the process model. According to some of the studies 

above, the sampling mechanism from the event logs is good. By taking samples from the event 

logs, process modelling becomes more effective and faster. In some sampling mechanisms, to 

measure the quality of the sample event log, it is necessary to measure the fitness of the sample 

taken. If the fitness is not good or is considered not good, then an event log is added to the 

sample used to measure the quality of the fitness value until a good fitness value is obtained 

and close to the population value. This mechanism is good for finding sample sizes of event log 

that can represent the event log population. However, how many times are needed to sample 

and add event logs? Doesn't it take a long time and a lot of energy in finding a sample event log 

that can represent the event log population? What is the optimal and representative sample size 

for the event log population in process modelling? 

      Based on the problems mentioned above, this paper shows the experimental results of 

performing a sampling technique on the event log as a part of the process modelling. The 

purpose of this study is to see the appropriate sample size of event log, without having to add 

an event log trail to the sample in order to get sampling results that can represent the event log 

population. In addition, this study is to see which sampling method is relatively the most stable 

in representing the event log data population by using all the sampling techniques that can be 

used in the experiment. This study is also to see the performance of the process model, which 

is seen by using a fitness trace. In terms of strengthening the sampling results, this study uses a 

measurement of the similarity of the process model resulting from the sampling technique used 

with the process model resulting from the event log population. The measurement used is the 

Jaccard method. 

2. MATERIAL AND METHODS 

2.1  Process mining and process discovery 

Through the recording of event logs of the operating system, process mining is a tool for 

assessing and monitoring processes within an organization with the aim of identifying areas 

that need to be improved for process quality [20]. Process discovery, conformance checking, 

organizational mining, automated simulation model development, model extension, model 

repair, case prediction, and recommendations are all part of the process of process mining. In 

more detail, process discovery is a mechanism for searching, mapping, and documenting the 

existing business process activities automatically and based on data [21]. The automatically 

collected data is then analysed so that it can be automatically proposed in the process model 

[22]. 

2.2  Event log 

When analysing a business processes, the current event log is used to track the current event 

with the specified time when the business process was running [23]. Event logs can be used to 

understand system activity and to investigate emerging issues in both simple and complex 

forms. Table I shows the event log form generated by the system. Each activity performed in 
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the process has a time record. The activity time depends on each case. The activity times 

recorded from case to case can be sequential or intersecting. 

Table I: Event log in CSV format. 

Case_ID Activity Resource Start Timestamp Complete Timestamp Variant 
Lifecycle:  

transition 

1 Register System 1970-01-02 18:23 1970-01-02 18:23 Variant 2 complete 

1 Defect Analysis Tester3 1970-01-02 18:23 1970-01-02 18:30 Variant 2 complete 

1 Repair Test Tester3 1970-01-02 18:49 1970-01-02 18:55 Variant 2 complete 

10 Register System 1970-01-01 17:09 1970-01-01 17:09 Variant 8 complete 

10 Analyse Defect Tester2 1970-01-01 17:09 1970-01-01 17:15 Variant 8 complete 

2.3  Sampling techniques in statistics 

Sampling in statistics is an important concept. The sampling technique used is related to the 

sampling method. The sampling techniques are carried out with several objectives, including 

[24]: 

• to obtain data that is more accurate, but still relevant to the population that is the target of 

the study, 

• to provide information related to the population to be studied, and 

• can be used as a guide or reference in making a decision. 

      Based on the explanation above, it can be concluded that the sampling technique is formed 

as a way to determine the sample size to be used as a source of research data. This can be done 

by taking into account the characteristics and distribution of the population so that later a 

representative sample can be obtained. The sampling technique consists of two forms, namely 

random and non-random sampling [25]. The distribution of the sampling techniques is shown 

in Fig. 1. 

 

Figure 1: Sampling technique in statistics. 

      In principle, both random and non-random sampling techniques carry out the same steps. 

In determining and taking the sample, some steps are required, namely [26]: 

• determining the population to be observed, 

• determining the sample frame and the set of all possible events, 

• determining the appropriate sampling technique or method, 

• conduct sampling (data collection), and 

• conducting re-examination of the sampling process. 

      Several machine learning tools already use plug-ins in performing sampling techniques. 

One of the machine learning tools is ProM. ProM is an independent platform implemented in 

the Java programming language. ProM has an extensible framework to support various process 

mining techniques in the form of plug-ins (see Fig. 2). This study used three sampling 

techniques, namely Random Sampling, Cluster Sampling, and Systematic Random. The basis 

for selecting the three sampling techniques is because they support the event log data form. 

Meanwhile, the stratified sampling technique can be represented by cluster random sampling. 
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Figure 2: The feature of Random Sampling Trace on ProM. 

2.4  Sample size 

There are many methods of selecting sample size in probability schemes, such as the Isaac and 

Michael’s method, Krejcie and Morgan’s method, and so on. In several studies, the most stable 

method in determining sample size is the method of Isaac and Michael [27]. This method was 

developed gradually and continuously by Isaac and Michael (1981) and Smith (1983). The 

method was developed to determine the number of samples that meet the following 

requirements: (1) the total population is known; (2) at the error rate (Alpha) of 1 % and 5 %, 

and (3) this method is specifically used for normally distributed samples. Thus, this method 

cannot be used for samples that are not normally distributed, such as homogeneous samples 

[28]. This is what underlies the sampling technique used in this paper. The formula of Isaac and 

Michael’s method is shown in Eq. (1): 

𝑛 = (𝑍𝛼
2 .  𝑁. 𝜎2)/(𝜀2. 𝑁 + 𝑍𝛼

2 .  𝜎2)       (1) 

where n is the sample size, N is the population, 𝜎 is the standard deviation, Zα is the desired 

significance level, and 𝜀 is the margin of error. 

2.5  Methods 

The research methodology carried out in this study is shown in Fig. 3. 

 

Figure 3: Research methodology. 
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      The approach used is a quantitative approach, in which the flow is as follows: 

1. Problem identification 

Problem identification is done to find and understand the main problems encountered. 

Identification is carried out thoroughly both to identify technical problems and related work 

structures and phenomena that occur [29]. As previously explained, there are several 

problems in the process modelling that originate from the event log having a large volume. 

Thus, we need a sampling technique from the event log. However, in conducting sampling, 

which method can obtain reliable sampling to produce process modelling that can represent 

the event log as a whole? 

2. Literature study 

This stage is carried out for the data collection method by reading books, articles, notes, 

and reports related to the problem being solved [30]. The literature studies carried out are 

related to theories and discussions, such as process mining, process discovery, event log 

sub-selection, event log sampling, and statistical sampling. 

3. Data collection 

Data collection is carried out as a simulation material. The data used is the Artificial-Repair 

Event Log dataset. The event log data is in the form of a table consisting of Case-ID, Events, 

Start Timestamps, Complete Timestamps, and Users. The dataset is open and accessible. 

The dataset used is one of the data taken from the Futurelearn dataset in 

https://www.futurelearn.com/info/courses/process-mining/0/steps/15620. 

4. Pre-processing 

The pre-processing stage is carried out to adjust the event log to be used in the simulation. 

5. Sampling experiment, process modelling and similarity measurement 

At this stage the sampling technique is used in the event log. After that, the measurements 

are carried out and the simulation results are presented. The sampling techniques used are 

Simple Random Sampling, Systematic Random Sampling, and Cluster Random Sampling. 

Meanwhile, the process modelling uses two approaches, namely Inductive Miner and 

Heuristic Miner Algorithm [31]. To complete the analysis, measurement of the similarity 

of the process model resulting from the sampling technique used with the process model 

resulting from the event log population is carried out. The measurement of the similarity 

uses the Jaccard Method with the determination of the process model using the Inductive 

Miner Algorithm and Heuristic Miner Algorithm [32, 33]. 

6. Result 

This stage is the final stage where the measurement results from the simulation, modelling 

results, and other results are needed for further analysis. 

3. EXPERIMENT 

3.1  Description of experimental sampling events 

In the experimental section, the sampling technique was used in the event log population which 

was used as a case study. The search for a large sample size based on the Isaac and Michael’s 

method does not need to test the normality of the event log population so that it can be continued 

with the sampling technique that will be used in this paper. The next step was to perform an 

experimental simulation on the event log by using three sampling techniques, namely Simple 

Random Sampling, Systematic Random Sampling, and Cluster Random Sampling with an 

alpha (α) at the error rate of 1 % and 5 %. The experimental results are shown in Table II. 
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Table II: Description of experimental sampling event log. 

No. Component 
Event Log  

(As Population) 

Simple Random 

Sampling 

Cluster Random 

Sampling 

Systematic   

Random Sampling 

𝜶 (0.01) 𝜶 (0.05) 𝜶 (0.01) 𝜶 (0.05) 𝜶 (0.01) 𝜶 (0.05) 

1 Events 7734 3898 1965 7790 4306 7047 6413 

2 Cases 1104 552 276 553 311 1006 893 

3 Activities 8 8 8 8 8 8 8 

4 Resources 13 13 13 13 13 13 13 

5 Frequency Mean  594,92 299,85 151,15 599,23 331,23 542,08 493,31 

6 Frequency Std. Dev. 911,51 458,91 230,99 916,25 508,15 829,99 747,01 
 

3.2  Fitness value 

In each sample event log, the fitness value was measured in each process model resulting from 

the sampling technique carried out. The Process Modelling used Inductive Miner Algorithm 

and Heuristics Miner Algorithm. The measurement results can be seen in Table III. 

Table III : Fitness value of Process Model with Inductive Miner and Heuristics Miner Algorithm. 

Process Model with 
Alpha 

(𝛼) 

Inductive Miner Algorithm Heuristics Miner Algorithm 

Trace fitness Trace fitness 

Simple Random 5 % 0.649 0.851 

Simple Random 1 % 0.649 0.857 

Cluster Random 5 % 0.623 0.998 

Cluster Random 1 % 0.649 0.998 

Systematic Random 5 % 0.626 0.994 

Systematic Random 1 % 0.649 0.998 

3.3  Similarity 

The next step was to analyse the similarity of the process model resulting from the sampling 

technique used with the process model resulting from the event log population. This was done 

to strengthen the results of previous measurements. The measurement of similarity in this study 

also used two algorithm approaches, namely the Inductive Miner Algorithm and the Heuristic 

Miner Algorithm. The use of the two algorithm approaches is to show the comparison of process 

modelling performance. 

3.4  Measurement of similarity 

After getting the event log sampling, the process modelling was then carried out on each event 

log using the Inductive Miner Algorithm. Fig. 4 shows the process model resulting from the 

event log population which will be used as a comparison. Meanwhile, Figs. 5 to 10 show the 

process model resulting from the sampling technique. 

 

Figure 4: Process Model resulting from Event Log Population. 
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Figure 5: Process Model resulting from Simple Sampling Random with 5 % Event Log. 

 

Figure 6: Process Model resulting from Simple Sampling Random with 1 % Event Log. 

 

Figure 7: Process Model resulting from Cluster Sampling Random with 5 % Event Log. 

 

Figure 8: Process Model resulting from Cluster Sampling Random with 1 % Event Log. 

 

Figure 9: Process Model resulting from Systematic Sampling Random with 5 % Event Log. 
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Figure 10: Process Model resulting from Systematic Sampling Random with 1 % Event Log. 

      The next step was to measure the similarity of the process model resulting from the 

sampling technique used with the process model resulting from the event log population by 

using the Jaccard method, which was based on the process model from Figs. 4 to 10. Tables IV, 

V, VI, and VII show the measurement results. 
 

Table IV : Jaccard Structure Similarity Score. 

Process Model (PM) ed tk g t e 
Structure Similarity 

Score 
| Pop  MP | | Pop  MP | 

Population of Process Model  2 8 5 17 32 

With Simple Random Sampling (𝜶: 5 %) 2 8 7 22 39 32 39 0.820 

With Simple Random Sampling (𝜶: 1 %) 2 8 4 15 29 29 32 0.906 

With Cluster Random Sampling (𝜶: 5 %) 2 8 8 24 42 32 42 0.762 

With Cluster Random Sampling (𝜶: 1 %) 2 8 5 17 32 32 32 1.000 

With Systematic Random Sampling (𝜶: 5 %) 2 8 8 23 41 32 41 0.780 

With Systematic Random Sampling (𝜶: 1 %) 2 8 8 24 32 32 32 1.000 

Notes: Structural Similarity (SS): Pop = Event Log Population, MP = Process Model of Sampling Technique, 

ed = Edges, tk = Task, g = Gateway, t = Transitions, e = Total Number of Elements, | Pop ∩ MP | = 

Intersection of Pop and Process Model of Sampling Technique, | Pop  MP | = Union of Pop and Process 

Model of Sampling Technique. 

Table V: Jaccard Behaviour Score. 

Process Model (PM) e 
Behaviour Similarity 

Score 
| Pop  MP | | Pop  MP | 

Population of Process Model  10 

With Simple Random Sampling (𝜶: 5 %) 11 10 11 0.909 

With Simple Random Sampling (𝜶: 1 %) 10 10 10 1.000 

With Cluster Random Sampling (𝜶: 5 %) 11 10 11 0.909 

With Cluster Random Sampling (𝜶: 1 %) 10 10 10 1.000 

With Systematic Random Sampling (𝜶: 5 %) 12 10 12 0.833 

With Systematic Random Sampling (𝜶: 1 %) 13 10 13 0.769 

Notes: Behavioural Similarity (BS): e = Total Number of Elements, | Pop ∩ MP | = Intersection of Pop and 

Process Model of Sampling Technique | Pop  MP | = Union of Pop and Process Model of Sampling Technique 

Table VI: Similarity Score of Process Model with Inductive Miner Algorithm. 

Comparison 
Structure 

Similarity 

Behaviour 

Similarity 

Final 

Score 

Process Model from Simple Random Sampling (𝜶: 5 %) 0.820 0.909 0.864 

Process Model from Simple Random Sampling (𝜶: 1 %) 0.906 1.000 0.953 

Process Model from Cluster Random Sampling (𝜶: 5 %) 0.762 0.909 0.836 

Process Model from Cluster Random Sampling (𝜶: 1 %) 1.000 1.000 1.000 

Process Model from Systematic Random Sampling (𝜶: 5 %) 0.780 0.833 0.806 

Process Model from Systematic Random Sampling (𝜶: 1 %) 1.000 0.769 0.884 
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      In the same way, the measurement of similarity was carried out with the Heuristic Miner 

Algorithm using the Jaccard similarity method. The results are as shown in Table VII. 

Table VII: Similarity Score of Process Model with Heuristics Miner Algorithm. 

Process Model with Alpha (𝜶) Final score 

Simple Random 5 % 0.065 

Simple Random 1 % 0.065 

Cluster Random 5 % 0.197 

Cluster Random 1 % 1.000 

Systematic Random 5 % 0.197 

Systematic Random 1 % 0.301 

 

4. RESULTS AND DISCUSSION 

The experimental results of the sampling techniques used (Simple Random Sampling, 

Systematic Random Sampling, and Cluster Random Sampling) in Table II show descriptive 

statistics that Cluster Random Sampling has a value that is close to the event log population. 

The average value of the event log sample frequency using Cluster Random Sampling with the 

error rate of 1 % is closer to the event log population than samples from other sampling 

techniques. Likewise, the standard deviation value for the sample from Cluster Random 

Sampling with the error rate of 1 % also has a value that is close to the event log population, 

namely 599.23 and 594.92. To strengthen the results of the statistical description, it can be seen 

that the fitness value of process model resulting from Cluster Random Sampling with the error 

rate of 1 % and 5 % shows a stable value of 0.649 for the Inductive Miner Algorithm. 

Meanwhile, the process model resulting from the Heuristics Miner Algorithm shows a stable 

fitness value at 0.998 in Cluster Random Sampling at the error rate of 1 % and 5 % and 

Systematic Random Sampling but only at the error rate of 1 %. 

      To strengthen these results, measurement of the similarity of the process model resulting 

from the sampling technique used with the process model resulting from the event log 

population was carried out. Tables VI and VII show that the process model resulting from 

Cluster Random Sampling with the error rate of 1 % has a stable similarity value of 1 for the 

two algorithm approaches taken, namely Inductive Miner Algorithm and Heuristics Miner 

Algorithm. Based on these three measurements, it can be concluded that the process model 

resulting from the sampling technique using Cluster Random Sampling with the error rate of 

1 % shows stable results as a representative process model of event log population. Cluster 

Random Sampling with the error rate of 1 % can be a recommendation in sampling the event 

log in the discovery process model. This will certainly be more effective than the sampling 

mechanism by increasing the sample size and measuring the fitness value repeatedly. 

      This study has limitations. As previously explained, the proposed method for event log 

datasets in this study is normally distributed. Further research is needed for event log data that 

is not normally distributed. 

5. CONCLUSION 

From the three sampling method experiments, based on descriptive sampling trend values and 

the measurements of fitness value and similarity using the Jaccard method, it was obtained the 

results that the sampling method using Cluster Random Sampling with the error rate of 1 % has 

a relatively stable process model and can represent the process model resulting from event log 

population, when it is compared to other sampling methods. When being faced with large 

volume event logs such as Big Data and requiring effective performance, this paper 

recommends using a sampling technique with Cluster Random Sampling at the error rate of 

1 %. This mechanism will make process modelling more effective. 
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