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Abstract. During the last decades, process mining (PM) has matured and rapidly 

increased in its adoption. Making sense of data is a main part of the work of PM 

analysts, which involves cognitive processes. Recent work has leveraged behav-

ioral data to explain these processes. Still, the process of process mining (PPM) 

is yet to be well understood and a theoretical foundation for explaining how these 

processes unfold is missing. This paper attempts to fill this gap by understanding 

how PPM data can be analyzed in a theory-guided manner and what insights can 

be gained from this analysis. To investigate these aspects, we analyzed verbal 

data and interaction traces obtained from analysis sessions with 29 participants 

performing a PM task. The analysis was based on the Predictive Processing (PP) 

theory and the derived Prediction Error Minimization (PEM) process, anchored 

in cognitive science. The results include (1) a theoretical adaptation of the PEM 

theory to the PPM context, (2) four strategies utilized by PM analysts, identified, 

and validated based on the adapted theory, and (3) an understanding of the dif-

ferences in performance between analysts using different strategies and inde-

pendence of the expertise level and the strategy choice. 

Keywords: Process Mining, Predictive Processing, Prediction Error Minimiza-

tion, Analysis Strategies, Mixed Methods 

1 Introduction 

Over the past decades, information systems penetrated all areas of people’s lives and 

led to an incredible growth of produced event data in various branches of industry. This 

growth has led to the development of techniques to analyze such data, such as process 

mining, which stood out as a valuable discipline for extracting insights from event logs 

and supporting the discovery, monitoring, and improvement of real processes. 
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Until now, process mining research has mainly concentrated on the technical per-

spective, proposing new approaches and tool enhancements [1, 2]. Still, recent studies 

on the "process of process mining" (PPM) have highlighted the importance of the indi-

vidual perspective and focusing on the individual analyst's perception and behavior [3]. 

The PPM includes different activities such as choosing the data sources, inspecting, 

cleaning, and preprocessing the data, selecting and implementing process mining algo-

rithms, and interpreting and presenting the results. A main goal of individual analysts 

during the PPM is to make sense of data. The sense-making process entails an iterative 

cycle, where attention is focused according to a set goal, leading to the generation of 

predictions about the world, which are then tested and reconsidered for minimizing the 

prediction error, i.e., the discrepancy between the predicted and the actual input. These 

are complicated cognitive processes that may entail high cognitive load [4, 5]. Although 

recent works have attempted to leverage behavioral data to explain such processes, e.g., 

by eliciting patterns of observed behavior or analysts' challenges [6-10], these processes 

are not yet well understood and there is a lack of theory in the process mining (PM) 

field that can explain how these processes unfold.  

This paper attempts to fill this gap by proposing a theory-guided analysis approach 

based on a theory from a neighboring field. More specifically, previously mentioned 

characteristics of the PPM point to a close correspondence with the Prediction Error 

Minimization (PEM) theory, which is a part of the Predictive Processing (PP) theory 

[11-13]. In this research, we adapted the PEM theory to the context of the PPM, yielding 

the PEM4PPM model. This model provides a theoretical lens for analyzing the PPM 

from a cognitive perspective and understanding the analysts’ cognitive processes. We 

applied this model to analyze data recording analysts’ interactions with PM tools as 

well as think-aloud data verbalizing their thinking processes while performing PM tasks 

during the analysis phase of the PPM. With our analysis, we aim to answer the follow-

ing two research questions:  

• RQ1: How can PPM data be analyzed in a theory-guided manner (specifically, based 

on the PEM theory)? 

• RQ2: What insights can be gained from this analysis? 

To address these questions, we employed a mixed-method (qualitative and quantitative) 

approach [14]. RQ1 was addressed in a qualitative manner. First, we made the theoret-

ical adaptation of the PEM model for the PPM, which resulted in the first version of the 

PEM4PPM model. Second, data collection and analysis of students’ data were per-

formed with the goal to refine the model. As a result of this step, the PEM4PPM model 

was refined to include additional cognitive steps, and four analysis strategies were iden-

tified. Next, the model and the strategies were validated against data stemming from 

experienced analysts. In addition, an analysis protocol was established. Finally, we in-

tegrated our findings regarding the identified strategies from both datasets and formed 

hypotheses for RQ2. To answer RQ2, we applied a quantitative approach, focused on 

analyzing the influence of the previously discovered strategies on the analysts' perfor-

mance and checking the association between the strategies and the level of expertise. 

The main contributions of this paper are (i) a theoretical adaptation of the PEM to the 

PPM context, (ii) four strategies utilized by PM analysts, identified and validated based 
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on the adapted theory, and (iii) an understanding of the difference in performance be-

tween analysts using different strategies and independence of the expertise level and 

the strategy choice. 

The remainder is organized as follows: Section 2 provides background concepts and 

related work. Section 3 presents the proposed PEM4PPM model. Section 4 describes 

the research method of this work and Section 5 reports on the findings. Section 6 dis-

cusses the findings and limitations of our work. Section 7 provides conclusions and 

outlines future research directions. 

2 Related Work 

2.1 Human Involvement in the PPM 

Vom Brocke et al. [3] proposed a five-level framework for research on PM. Two of the 

levels, group and individual, focus on the humans involved in PM. While the group 

level characterizes the effect of PM on people's interaction and work mode, the indi-

vidual level concentrates on people's perception and behavior. There are additional re-

cently published papers taking an individual perspective and focusing on different as-

pects related to the behavior of PM analysts. These include analysts' patterns of behav-

ior, goals, and strategies in the initial exploration phase [6], strategies applied by ana-

lysts during the analysis stage [7], the development of PM questions [8], the discovery 

of process improvement opportunities by exploring how analysts use PM [9], and chal-

lenges perceived by process analysts during different project phases [10]. 

This work also takes the individual perspective but extends the body of knowledge 

through a theory-guided approach. More specifically, this work attempts to unveil and 

explain the complicated cognitive processes that PM analysts follow to make sense of 

event data representing real-world behavior from a cognitive perspective [4, 5]. Such a 

theoretical cognitive lens is still missing. 

2.2 The Prediction Error Minimization Theory 

Our choice of a conceptual basis for analyzing the PPM from a cognitive perspective is 

based on the previously outlined similarities (cf. Section 1). PEM conceives the brain 

as a probabilistic inference system, which attempts to predict the input it receives by 

constructing models of the possible causes of this input. This system aims to minimize 

the prediction error, namely, the discrepancy between the predicted and the actual input. 

If the prediction error is small, then there may be no need to revise the model that gives 

rise to the prediction. If, on the other hand, the prediction error is large, then it is likely 

that the model fails to capture the causes of the inputs and, therefore, must be revised. 

In this case, there are two optional courses of action for reducing the prediction error. 

The first is to revise one's model of the world until the prediction error is satisfactorily 

diminished (termed ‘perceptual inference’) and the second is to change the world (e.g., 

by manipulations that yield additional inputs) so that it matches the model (termed ‘ac-

tive inference’). Moreover, PEM suggests that predictive models are arranged in a hi-

erarchy. Interpretation of sensory signals is at the lowest level of the hierarchy, while 
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low-level features are grouped into objects at the higher levels. Even further up the 

hierarchy, these objects are grouped together as parts of larger scenes entailing multiple 

objects [11, 12]. It is important to note, that PEM is not only a formal apparatus which 

allows generating precise quantitative models, but it is also a general framework that 

can be applied in the service of different explanatory programs. Thus, this framework 

can be enriched with additional assumptions about a specific domain, e.g., PM [15]. 

3 The Proposed PEM4PPM Model Based on the PEM Theory  

In this section, we present the PEM4PPM model, which we developed based on the 

PEM theory, by adaptation to the PPM as a part of answering RQ1 (cf. Section 4.1). 

The PEM process involves receiving input, focusing attention (possibly based on a 

goal) [16], and then iteratively creating a model and respective predictions, testing pre-

dictions, minimizing errors and eventually, when the error is small enough, acting upon 

the prediction. The initial PEM4PPM model was created in a series of brainstorming 

sessions, where the bi-directional mapping between PEM steps and PM operations took 

place, considering what PM operations could accomplish each PEM step and what PEM 

step could correspond to each PM operation. The model is shown in Fig. 1, which il-

lustrates a diagram of a goal-oriented PPM conceptualized in terms of the PEM theory. 

Each step or sequence of steps in the diagram can be skipped. Cognitive operations are 

color-coded according to the PEM steps to which they correspond, and example mining 

operations appear in italics below PPM steps where relevant. 

 

Fig. 1. The PEM4PPM model 

According to the model, high-level business goals serve as a starting point for each PM 

endeavor. They can be later decomposed or refined into more specific goals. The re-

finement of goals can be done until the goal is concrete enough to be achieved by an 

available mining operation. Additional goals can be set or refined at any stage during 

this process. More concretely, when a goal is to be refined, a series of operations are 

involved. In the beginning, the relevant subset of the data needs to be filtered and or-

ganized. Next, this data needs to be explored to find behavior that may be of interest. 

These both are operations that enable focusing the attention on parts and aspects of the 
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input data. Based on this, concrete hypotheses can be formed regarding the identified 

behavior, as predictions to be tested. Predictions can also be generated and tested by 

the creation of specific artifacts (e.g., creating a process model through discovery). Ac-

cordingly, available PM techniques are applied for testing hypotheses or creating arti-

facts. Then, the results are assessed against the goal or the hypothesis for minimizing 

the prediction error. There are two possible outcomes for this assessment: (1) conclu-

sion – goal achieved; (2) the goal needs to be further refined and this can be repeated 

iteratively. Next, the results can point to a new goal to be set. 

4 Research Methodology 

This section presents the main steps of the research method followed in this paper. 

4.1 Overview 

The objective of this work was to gain an understanding of how to analyze PPM data 

in a theory-guided manner (based on the PEM model) (cf. RQ1) and to explore what 

insights can be gained from this analysis (cf. RQ2). For this purpose, a mixed-method 

research approach combining both qualitative and quantitative methods was applied 

[14]. Fig. 2 provides a high-level depiction of the method used for this research. 

 

Fig. 2. Chronological visual representation of the mixed method process 
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To address RQ1 ("How can PPM data be analyzed in a theory-guided manner (specif-

ically, based on the PEM theory)?") we applied a qualitative research approach [17]. 

Our aims were to adapt the PEM theory as a basis for analyzing the PPM and establish 

and validate an adapted PEM model and a derived analysis protocol. 

First, during Stage 1, we adapted the PEM theory, creating a first version of the 

PEM4PPM model through brainstorming sessions (as described in Section 3). 

Second, as a part of Stage 2, we refined the model using behavioral data. For this, 

we collected data from student participants (Students Dataset) and analyzed it. We de-

cided to use students for model refinement since they were expected to have sufficient 

knowledge for performing a process mining analysis (all of them took the same “Pro-

cess Mining” course). This stage resulted in the second version of the model, 

PEM4PPM v2, which included some additional, refined cognitive steps. Moreover, we 

used the model to analyze user behavior and derived strategies, as patterns of behavior, 

applied by the students during their work. 

Finally, during Stage 3, we validated the PEM2PPM v2 model discovered in stage 2 

and the identified strategies by analyzing the data that were collected from experienced 

analysts (Experienced Analysts Dataset). Experienced analysts were chosen for this 

stage since they differ in their expertise and experience from students and therefore 

could contribute to further validating, and possibly refining our findings. In addition, 

during this stage, we developed an analysis protocol describing the cognitive steps of 

the PEM4PPM v2 model. 

To address RQ2 ("What insights can be gained by analyzing the PPM on the basis 

of PEM model?") a quantitative research approach was used. The strategies identified 

from analyzing the Students and Experienced Analysts Datasets in the context of RQ1, 

gave the direction for RQ2, i.e., to gain an understanding of whether the difference in 

performance between analysts using different strategies is significant and whether the 

level of expertise and the choice of strategy are independent of each other. 

4.2 Data Collection and Settings 

Overall, the study presented here comprises 29 participants: 16 students and 13 experi-

enced analysts. More specifically, the Students Dataset was used for model refinement 

and for gaining initial insights (Stage 2), whereas the Experienced Analysts Dataset 

served for their validation (Stage 3). Despite having been collected separately, these 

two datasets are comparable since they were collected in the context of two studies of 

a similar design and set-up but different tasks and participants. More details about the 

two datasets are provided online: https://tinyurl.com/y28cxnzy, including demographic 

information, interview protocols and examples of experienced participants' coding for 

the entire duration of the session, showing the chain of evidence from statements to 

findings. 

Collection of Data from Students. The data collection took place between June and 

July 2021. The study consisted of individual Zoom1 video sessions with 16 participants, 

 
1  Zoom https://zoom.us/ 

https://tinyurl.com/y28cxnzy
https://zoom.us/
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all first- and second-degree students taking the “Process Mining” course provided by 

the University of Haifa2. All the students agreed to be observed and recorded via Zoom 

for the entire duration of the study. The study consisted of a process mining task (guided 

exploration) and a semi-structured interview. Before taking part in the study, students 

were asked to perform an initial exploration of the log guided by a few questions pro-

vided to them as a part of course assignments. This was done to help them avoid possi-

ble technical issues which may be related to various operations such as installing the 

tool, preprocessing, filtering, or importing/converting the log. In addition, these ques-

tions were designed to give students the opportunity to better understand the process, 

its activities and event attributes, and to familiarize with the tool before participating in 

the study. Our assumption was that this preliminary stage enabled participants to better 

concentrate on the provided question and guidelines during the data collection. 

For the guided exploration, the students were asked to analyze the Road Traffic Fine 

Management (RTFM) event log, i.e., a real-life event log representing the process of 

managing fines for road traffic violations by the Italian police [18]. The log was chosen 

as it comes with extensive documentation about the process which allowed us to pre-

pare the materials for the study [19]. The participants were asked to answer the follow-

ing question related to the log "Describe two to three circumstances in which a penalty 

is added. Is the penalty addition always legitimate, i.e., do people that receive a penalty 

deserve it?". This question was designed to guide participants in exploring different 

scenarios but also go deeper into the data and investigate penalty addition. For their 

analysis, the participants could choose among different tools (Disco, ProM, PM4Py and 

bupaR), but all the participants chose Fluxicon Disco3. During the task, the participants 

were instructed to verbalize everything they were doing in a think-aloud manner [20]. 

In this way, we aimed to gain insights into their cognitive processes. The session was 

supervised by one author, who reminded participants to speak out in case of long se-

quences of actions happened without explanation. No feedback on their analysis strat-

egies and outcomes was provided to the students during the session and they could 

conduct the analysis at their own pace. 

After the participants completed the process mining task, we interviewed them to 

improve our understanding of analysis strategies and cognitive factors underlying them. 

The interviews were semi-structured [21] to allow expanding and gathering of infor-

mation on relevant aspects emerging during the session. 

For each student participant, we collected the recording of the session (screen re-

cording of the analysis conducted in Disco and audio of the think-aloud), the log pro-

duced by Disco, i.e., a log that is produced automatically by the tool which records both 

the debug information and user’s actions in the PM tool, and the audio recordings of 

the interviews. The session lasted up to one hour in most cases, with an average duration 

of 38 minutes. The interviews lasted between 8 and 13 minutes. 

 
2  The full study design, including participants’ recruitment procedure, was approved by the 

Institutional Ethics Committee (Approval no. 238/21) 
3  Fluxicon Disco https://fluxicon.com/disco/ 

https://fluxicon.com/disco/
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For this dataset, the signed participant consent, as approved by the Institutional Re-

view Board (IRB) committee, does not allow for making this data publicly available in 

its raw form. 

Collection of Data from Experienced Analysts. Thirteen experienced analysts 

served for validation, giving us the opportunity to validate the PEM4PPM v2 model, 

which we had refined based on the students’ data. The data collection took place between 

May and July 2021, and involved analysts in the professional network of the authors who 

met the following requirements: (i) having analyzed at least two real-life event logs in 

the two years prior to the study and (ii) being knowledgeable of at least one among 

bupaR, Celonis, Disco, ProM and PM4Py, i.e., the PM tools available for the task. 

These two criteria allowed us to select participants familiar with the PM but having 

varying levels of experience and expertise. For this paper, we selected participants who 

used Disco to keep this set comparable to the Students Dataset and to reduce the de-

pendency of the validation of the PEM4PPM v2 model and the strategies on the work-

ing mode imposed by the tool. The experienced analysts differ in their affiliation, job 

role and position, and tool knowledge. The data collection followed a similar design 

and the same materials used with the students: participants were asked to engage in a 

PM task while verbalizing their thoughts in a think-aloud manner. What differed was 

the scenario question we asked on the RTFM log: “Can you describe the three most 

prevalent circumstances in which the fines and the related expenses are not paid (in 

full) in this process?”. Then, as done with the students, we prompted participants to 

look deeper into reasons for which fines are not paid. In this case, we did not ask par-

ticipants to engage in an initial exploration phase, as the risks for technical issues and 

lack of experience with PM analysis were mitigated by the set-up (a remote desktop 

environment with the study materials and tools) and the participation requirements. 

Data collection was supervised by one author who prompted participants to speak in 

case of long silences, but, as for the students, no feedback on their analysis nor its out-

come was given. 

Finally, we conducted semi-structured interviews asking participants about (i) activ-

ities and artifacts, (ii) goals, (iii) strategies, and (iv) challenges of PM analysis. In detail, 

we asked them to reflect on the task they had just executed but also prompted them to 

share general anecdotes and work experiences with PM. 

For each participant, we collected the same data as for the students: the screen and 

audio recording of the session, the log produced by Disco and the audio recordings of 

the interviews. 

In this case, the sessions lasted between 20 and 90 minutes, with an average duration 

of 43. The interviews lasted between 23 and 43 minutes, and about 31 minutes on av-

erage. The data is collected as part of the ProMiSE project, for which we plan to share 

results and anonymized data with the research community upon project completion. 

4.3 Data Preparation and Analysis 

This section details how the collected data was analyzed to address RQ1 and RQ2 

(Stages 2-4) leveraging the PEM4PPM model developed in Stage 1 (cf. Section 3). 
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Data Preparation: For the data preprocessing, we engaged in the following activi-

ties. First, (i) we transcribed the verbal utterances from the audio recordings of the ses-

sion with the help of Vocalmatic4 (Students Dataset) and MAXQDA5 (Experienced 

Analysts Dataset), which allowed us to keep information about the timestamps of each 

utterance. Then, (ii) we watched all the screen recordings and reported next to each 

transcribed utterance a short description of non-verbal behavior observed from the vid-

eos. Examples of non-verbal behavior of interest for our analysis are pointing with the 

cursor to a specific process activity, reading documentation related to the task, filtering 

the data, etc. Then (iii) we merged and cleaned the logs from Disco removing debug 

information that did not relate to actions performed by participants in the tool and, thus, 

was not relevant to our research. As a final step, (iv) we merged and organized the data 

from (i), (ii) and (iii) in Excel, using the timestamps produced by the transcription tools 

and Disco to synchronize the different sources. In this way, we obtained a multimodal 

dataset [22] for our analysis, which included both verbal utterances and interaction 

traces of the participants with Disco. 

Stage 2: To refine the PEM4PPM model we used the Students Dataset. This stage 

involved two activities: (i) coding the data according to the steps of the PEM4PPM v1 

model to refine and tune the model and (ii) identifying different strategy types, charac-

terizing, and grouping them into categories. 

We utilized provisional coding, a first-cycle coding method, to code the Students 

Dataset [23]. The behavior and thinking process of each participant (as reflected by the 

verbal utterances and interaction traces) was analyzed individually. Since the steps of 

the PEM4PPM v1 model were not yet validated during this first analysis iteration, we 

analyzed the data described in the previous paragraph by combining both deductive and 

inductive methods. In detail, at the beginning of the analysis, a set of a priori codes, 

reflecting the steps of the PEM4PPM v1 model, was used. The coding was performed 

by assigning a code to each multimodal piece of data (think-aloud, screen recordings, 

and Disco logs), and using one or the other source to disambiguate in case the user 

cognitive step was not clear. The first author coded all the data in 3 iterations. At the 

end of each iteration, two other authors checked the codes independently to ensure con-

sistency and assess the reliability of the process. Throughout the analysis, the authors 

revised and refined the codes collaboratively in several meetings. The final coding was 

determined through discussions among authors in an iterative consensus building pro-

cess, similar to [24]. Since a one-to-one mapping of the data to the PEM4PPM v1 steps 

was not possible in all the cases, two additional steps (“Task understanding” and “In-

terpret data”) emerged as additional steps in the PPM process. Next, they were validated 

against the theoretical literature [25, 26] and we added them to our model, obtaining 

PEM4PPM v2. 

Then, based on the PEM4PPM v2 model, high-level patterns were identified during 

the second cycle of coding. For this purpose, theoretical coding (sometimes also called 

“Selective Coding” or “Conceptual Coding”) [27] was utilized. It allowed us to group 

the first cycle summaries (steps of the PEM4PPM v2 model) into strategies applied by 

 
4  Vocalmatic https://vocalmatic.com/ 
5  MAXQDA https://www.maxqda.com/ 

https://vocalmatic.com/
https://www.maxqda.com/
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participants during their work. Analyzing commonalities and variabilities among these 

processes allowed us to identify the repetitive use of certain patterns and strategies that 

can be associated with different analyst profiles. These strategies were characterized by 

the presence or absence of the steps “Interpret data”, “Generate hypotheses”, or “Test 

hypotheses” in the verbal utterances, since other steps were present in most cases. These 

steps relate to cognitive operations of “creating prediction” and “testing”. As a result 

of this analysis, we discovered four strategies associated with different analyst profiles. 

To investigate the possible reasons for applying specific strategies by students the in-

terview data was examined. 

Stage 3: To validate the PEM4PPM v2 model and the strategies discovered by ana-

lyzing the students’ data, we coded and analyzed the data collected from experienced 

analysts. The coding and analysis of this dataset were performed following a similar 

approach to the analysis of the students' data described above. However, in this stage, 

we used the steps of the PEM4PPM v2 model in a deductive manner. The coding was 

performed by 2 authors in two iteration and, similarly to what was described for the 

students, we worked collaboratively in the team of authors to reach a consensus. The 

validation of the PEM4PPM v2 resulted in the analysis protocol describing the cogni-

tive steps of the PEM4PPM v2 model, their explanation, example statement, and detec-

tion method. Table 1 presents a part of this protocol. The full analysis protocol can be 

found in the supplementary materials: https://tinyurl.com/y28cxnzy. 

 
Cognitive 

step 

Explanation Example statement 

Task under-

standing 

Understanding the 

task/problem, understand-

ing the data (e.g., attributes, 

model, activities), verifying 

with researcher/stakeholder 

information regarding the 

data or task. 

“Wait, the question is about the fine or the 

additional penalty?” (S7) 

 

Set/ Refine 

goal 

Formulating a goal related 

to the question. 

“So, the question is to identify the flows 

where the payment has not been done com-

pletely. That is why now I isolate the flows, 

the different flows we have...” (E26) 

Focus Concentrating on a specific 

part/activity of the map. 

“So, I think I first want to focus on the 

cases in which there was the addition of a 

penalty, so I'm actually going to filter by 

this element [activity Add penalty]” (S3) 

Explore Learning about the process. “He has a fine of 20, he has a fine of 22, he 

pays 22, then he had a penalty of 44. I don't 

understand why and then he paid another 

35.” (S8) 

Interpret data Explaining the process 

based on previously in-

spected behaviors, infor-

mation about the process, 

the participant’s previous 

“Yeah, this is one third of the cases. Here it 

says 30% of the cases. We saw on the dia-

gram that it was one third. Oh, yeah. 30% is 

one third. Um, yeah, one third of the citi-

zens are good [laughing]. I have never 

driven in Italy, but it doesn't look like 

https://tinyurl.com/y28cxnzy
https://tinyurl.com/y28cxnzy
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knowledge and experience, 

or their combination. 

people drive following the rules. And I 

think that the data confirms...” (E3) 

Create artifact Producing deliverable ob-

jects driven by a goal. 

“Hmm. And it will make a difference, prob-

ably. Is it possible for me to make a screen-

shot of this and put it aside?” (E3) 

Generate hy-

potheses 

Forming a hypothesis 

about previously identified 

behaviour or possible an-

swers for the question. 

“I assume that it can be a difference be-

tween Amount for example, paid and 

Amount counted.” (E28) 

Test hypothe-

ses 

Checking hypotheses 

using available PM tech-

niques. 

NA (this step can be identified only by ac-

tions in the PM tool performed to test previ-

ously generated hypotheses) 

Assess results Evaluating the findings 

against previously defined 

hypothesis or goal. 

“There are actually quite a lot of cases 

where there was a payment in the dataset, 

there was no value for the Payment 

Amount.” (E16) 

Conclude Providing a final answer to 

the question or its part. 

“So, most of the fines are legitimate. The 

majority behaves in a way that is legitimate, 

but there are some cases, like I said, that ei-

ther they paid and then received a penalty 

or they sent an appeal or received the ap-

peal and did not receive an answer to it, but 

received a penalty. These are actually the il-

legitimate situations.” (S5) 

Table 1. Analysis protocol (partial) describing the cognitive steps of the PEM4PPM v2 model. 

For each quote, we write the student (S) and experienced (E) participant’s ID in parenthesis. 

Stage 4: Finally, aiming to address RQ2, we performed a combined analysis of both 

datasets focusing on the elicited strategies. Inspired by the analysis conducted to ad-

dress RQ1, we formulated hypotheses regarding the difference in performance between 

analysts using different strategies and the independence of the level of expertise and 

the choice of strategy. In this stage, we tested such hypotheses. In order to assess the 

analysts' performance, we developed a gold standard: one author “graded” the answers 

provided by the participants, then two other authors validated the grades independently, 

and an iterative consensus building process took place (like the one applied for the 

coding). The answers were assessed using a grading scale from 0 to 100, where 0 indi-

cates the lowest performance and 100 is the highest. The grades reflected the correct-

ness of the analysts' answers to the questions of the task. 

More details about the data analysis and findings, including the analysis protocol, 

the coding scheme with examples, the protocols for assessing the participants' perfor-

mance and statistical outputs are available online: https://tinyurl.com/y28cxnzy. 

5 Findings 

In this section, we present the results of our analysis for RQ1 (cf. Section 3 and Section 

5.1) and RQ2 (cf. Section 5.2). 

https://tinyurl.com/y28cxnzy
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5.1 Qualitative Analysis 

Validated PEM4PPM model. During Stage 3 of the empirical study (cf. Section 4.1), 

we validated the PEM4PPM v2 model. The resulting model is shown in Fig. 3, addi-

tional steps when compared to the initial model version are highlighted with grey. The 

step “Task understanding” reflects situations in which participants spent time under-

standing the task at hand from the documentation available or asking clarification ques-

tions to the researcher supervising the data collection. Instead, “Interpret data” implies 

explaining the process based on previously observed behaviors, information about the 

process, the participant’s experience, or their combination. 

 

Fig. 3. The PEM4PPM model after validation (PEM4PPM v2) 

Identifying and validating PM analysts' strategies. This section presents the four 

strategies applied by PM analysts. These strategies were identified using the Students 

Dataset during Stage 2 and validated with the data collected from experienced analysts 

in Stage 3. Here we present the strategies we identified, with sample participants’ 

quotes from interviews. For each strategy we indicate the count of students (S) and 

experienced analysts (E) using it in the form of #/29 (S = #, E = #): 

1. No indicated interpret data - No indicated hypothesis - No testing (NNN) strategy 

which was observed for 2/29 (S = 2, E = 0) of the participants. The conclusions of 

the participants were based on their observations from the exploration stage. These 

participants spent the entire session understanding the data. “I think I would try to 

use filters and not switch between cases and maps and try to draw conclusions 

through filters and this is also a way to work”. (S12) 

2. With interpret data - No indicated hypothesis - No testing (WNN) strategy which was 

observed for 12/29 (S = 8, E = 4) of the participants. Instead of basing their conclu-

sions on the testing of hypotheses, these participants made them mainly based on 

exploration and data interpretation. "The process was very new, for me, it was a 

really challenge to understand what's. It was a simple process of course. It was just 

finding and these things. But it was new for me, so it took a time for me to understand 

different steps of the process and the process was really strange in some ways.” (E6)  

3. With interpret data - With hypothesis - No testing (WWN) strategy which was ob-

served for 5/29 (S = 2, E = 3) of the participants. Participants formulated hypotheses 

but for some reason (e.g., insufficient tool knowledge (S8, S16, E28) or question 
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understanding (S16), were reluctant to follow a trial-and-error approach while being 

observed (E11)) did not test them. “Indirectly, knowing that you were looking at the 

screen while doing this, I think not consciously or unconsciously, I think I was a little 

bit reluctant on the trial and error.” (E11) 

4. With interpret data - With hypothesis - With testing (WWW) strategy which was ob-

served for 10/29 (S = 4, E = 6) of the participants. The WWW strategy reflects the 

PEM4PPM v2 model by containing all its steps. "So, it was not like you do the hy-

pothesis and then you check it is more like you do a preliminary hypothesis. You 

check that the hypothesis make sense in a secondary step once the data is already 

been explored and then you do, you check the hypothesis after that always related 

with the questions.” (E7) 

It is important to note that “No indicated interpret data” or “No indicated hypothesis” 

means that these cognitive steps were not explicitly expressed during the session by the 

participants. Although they could be performed implicitly, they are clearly not empha-

sized. Looking through the data after its classification according to the strategies, we 

noticed that experienced analysts tend to apply the WWW strategy (46%) more than 

students (25%). 

Moreover, we observed that the answers of participants utilizing the WWW strategy 

are of higher quality (in terms of correctness and accuracy) than those of participants 

using other strategies. The students' mean grade was 51, while the experienced analysts' 

mean grade was 59. These assessments, together with the defined strategies, formed a 

basis for formulating four hypotheses:  

• H1a: analysts (students and experienced) who use the WWW strategy have higher 

performance (grades) than analysts using other strategies. 

• H1b: students who use the WWW strategy have higher performance (grades) than 

students using other strategies. 

• H1c: experienced analysts who use the WWW strategy have higher performance 

(grades) than experienced analysts using other strategies. 

• H1d: the level of expertise (student vs experienced analyst) and the choice of strategy 

(WWW vs any other strategy) are not independent. 

5.2 Quantitative Analysis 

The hypotheses formulated based on the findings of RQ1 aimed to investigate the dif-

ferences in performance between analysts using different strategies and check whether 

the level of expertise and the choice of strategy are independent of each other. For the 

analysis, the data regarding the strategy applied by each participant and their perfor-

mance was organized and exported to an IBM SPSS version 23 environment for statis-

tical analysis. 

In order to test hypotheses a-c, we conducted the Mann-Whitney test (also known as 

the Wilcoxon test for independent samples) [28]. This test is used to compare differ-

ences between two independent groups when the dependent variable is either ordinal 

or continuous, but not normally distributed. 
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The conclusions resulting from testing hypotheses a-c (Table 2) is that the grades of 

analysts (in general, and students and experienced analysts separately) using the WWW 

strategy are significantly higher than the grades of those using other strategies. 

 

Hypothesis  
N U Z Calcu-

lated ef-

fect size 

(r) 

One-

tailed p-

value 

Decision for 

H0 (reject H0 

if p-value < α 

(0.05)) 

a (S and E) 29 13.5 -3.762 -0.699 .0000185 rejected 

b (S) 16 2.5 -2.688 -0.672 .002 rejected 

c (E) 13 6 -2.161 -0.599 .0175 rejected 

Table 2. Results of Mann-Whitney test; students (S), experienced analysts (E). 

To check whether selecting the WWW over any other strategy is independent of being 

a student or an experienced analyst (hypothesis d), we conducted the Chi-Squared Test 

of Independence of Categorical Variables [29]. It is a statistical test used to check 

whether some categorical variables are statistically independent in a population. 

The conclusion from testing hypothesis d is that H0 cannot be rejected (χ (1)2= 1.421, 

p-value = .233). Therefore, we concluded that the choice of the WWW strategy over 

another does not depend on being a student or an experienced analyst. 

6 Discussion 

In this section, we review our findings, link them to related work, and discuss their 

impact on future research. Our work proposes the PEM4PPM model, a theoretical foun-

dation for explaining the cognitive processes of individual analysts during the PPM, 

derived from theory and refined and validated with user behavior data. This approach 

complements fully data-driven work, e.g., [6-10], and extends the body of knowledge 

on the individual perspective with a theoretical lens. 

In addition, based on the PEM4PPM model we identified four strategies applied by 

PM analysts. While some analysts performed all operations (WWW strategy), other 

analysts did not “generate hypothesis” and “test hypothesis” (NNN and WNN strate-

gies). A possible explanation for not investigating the data more in-depth may be that 

analysts pursuing the NNN and WNN strategies were still in the stage where they col-

lected evidence in the hope to suggest a hypothesis, rather than in the stage of testing a 

hypothesis they had in mind [30]. The development of strategies aiming to improve 

performance by realizing all their steps, usually in a specific order, is well renowned in 

the problem-solving and information-processing field [31, 32]. Analysts’ strategies 

were also the focus of [7]. Unlike this work they organized them by analysis goals 

(understand, plan, analyze, and evaluate) and based their analysis on post-session inter-

views, rather than on the participants' real-time think-aloud. 

The established analysis protocol together with the developed and validated 

PEM4PPM model can be used for future research. Moreover, this has implications for 

tool development or improvement allowing to consider the individual and his/her anal-

ysis processes. Since identified strategies differ in terms of performance this can give 
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rise to the development of process guidance for PM analysts. These findings also can 

have implications for teaching students how to approach process mining. Beyond the 

expected contributions to the field of process mining, the outcomes of this research may 

be possible to generalize and adapt for additional data science tasks, which also entail 

extracting knowledge from data.  

Limitations. The findings of this study should be considered in the light of some limi-

tations. First, although participants were constantly encouraged to verbalize their 

thoughts in a think-aloud manner, it is possible that some thoughts might have remained 

concealed. We mitigated this risk by triangulating the verbal utterances with the log 

data. In the future, adopting additional techniques, e.g., eye tracking or EEG [33], might 

help to fill this gap, since additional fine-grained information about where the analyst 

focused their attention might be collected. Second, although the data coding was done 

carefully and iteratively by building consensus among researchers, it is still based on 

subjective assessment and could be done differently. Yet, we note that this is a common 

procedure [24], and that such an iterative process, where coding changes along the it-

erations, intercoder reliability is usually not measured. Third, while the findings re-

ported here have been established, specifically with statistically significant results for 

the quantitative analysis, the setting of the study is limited, using one dataset and one 

process mining tool. For addressing our research questions, of how to analyze PPM 

data and what insights can be gained, this is sufficient. Yet, to draw general conclusions 

about PPM, additional studies are still needed. At last, one important consideration to 

make is the confidentiality of the collected data, which, as clarified in Section 3, cannot 

be fully shared. While we acknowledge that this may limit the replicability of the study, 

the inclusion of representative examples adds transparency and enables the reader to 

follow the chain of evidence from the raw data to the presented results. 

7 Conclusions 

In this paper, we have presented the findings of an empirical study investigating how 

PPM data can be analyzed in a theory-guided manner (specifically, based on the PEM 

theory) and what insights can be gained from this analysis. We adapted the PEM theory 

to the context of the PPM, yielding the PEM4PPM model. This model provided a the-

oretical lens for analyzing the PPM from a cognitive perspective and understanding the 

analysts’ cognitive processes. Applying the PEM4PPM model for the analysis of the 

verbal utterances and interaction traces obtained from sessions with 29 participants we 

identified four strategies applied by PM analysts. We characterized these strategies by 

the sets of cognitive operations involved. Moreover, we investigated whether the dif-

ference in performance between analysts using different strategies is significant and 

whether the level of expertise and the choice of strategy are independent. We found 

that: (i) the grades of analysts (in general, and students and experienced analysts sepa-

rately) using the WWW strategy are significantly higher than the grades of those using 

other strategies; (ii) the level of expertise (student or experienced analyst) and the 

choice of strategy are independent. 
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Future Work. We established PEM4PPM as a basis for analyzing PPM data and 

showed that it can yield benefits. Having established this, the generalizability of the 

findings may be improved by conducting additional studies with more participants and 

in different settings e.g., different PM tools and tasks using different event logs. In 

addition, a better understanding of the thinking processes of PM analysts may be gained 

by collecting data with technologies such as eye tracking or EEG. Another possible 

avenue for future research is the development of a support tool, designed in accordance 

with the PEM4PPM model, to assist PM analysts throughout the PPM. 
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