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The agenda

• Work-Processes and Process Mining 


• …. Why did I get intersted in that? 


• Challenges! 

• Conceptual & Semantic modeling and analysis of process 
executions


• Event Knowledge Graphs 

• Extraction of Process Knowledge Graphs from text
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Fig. 1 A DBPMN (unsound) process for handling packages, their shipment mode, and corresponding
declarations.

2 A Gentle Introduction to DBPMN

In this section we give a gentle introduction to the DBPMN model and its sound-
ness analysis, by means of the running example concerned with the management of
packages by a fictitious company called BLACKSHIP.

To disambiguate the terminology, in this paper we call DBPMN model the inte-
grated model that we formalize, and DBPMN processes the instances of such model.

We describe the DBPMN example process intuitively to highlight the main dis-
tinctive features of the DBPMN model, of which we defer the formal definition to
Section 3. As explained at the end of this section, this process is intentionally flawed
even though this is not immediately apparent. We use this example to motivate our
unified modeling and verification approach by showing how a naive analysis (that
does not consider at once the control-flow, the data objects manipulation and the de-
cision logic) is unable to verify the correctness of these processes.

Process description. The example captures a fragment of a typical order-to-delivery
process and is graphically represented in DBPMN as shown in Figure 1.

Work-processes
how to model them



Work process

A set of logically related tasks performed to achieve a defined business 
outcome for a particular customer or market.


(Davenport, 1992)

 

A collection of activities that take one or more kinds of input and create an 
output that is of value to the customer. 


(Hammer & Champy, 1993)

 

A set of activities performed in coordination in an organizational and technical 
environment. These activities jointly realize a business goal.


(Weske, 2011)
credits to Marco Montali
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Fig. 1 A DBPMN (unsound) process for handling packages, their shipment mode, and corresponding
declarations.

2 A Gentle Introduction to DBPMN

In this section we give a gentle introduction to the DBPMN model and its sound-
ness analysis, by means of the running example concerned with the management of
packages by a fictitious company called BLACKSHIP.

To disambiguate the terminology, in this paper we call DBPMN model the inte-
grated model that we formalize, and DBPMN processes the instances of such model.

We describe the DBPMN example process intuitively to highlight the main dis-
tinctive features of the DBPMN model, of which we defer the formal definition to
Section 3. As explained at the end of this section, this process is intentionally flawed
even though this is not immediately apparent. We use this example to motivate our
unified modeling and verification approach by showing how a naive analysis (that
does not consider at once the control-flow, the data objects manipulation and the de-
cision logic) is unable to verify the correctness of these processes.

Process description. The example captures a fragment of a typical order-to-delivery
process and is graphically represented in DBPMN as shown in Figure 1.

• Control-flow

credits to Marco Montali
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Fig. 1 A DBPMN (unsound) process for handling packages, their shipment mode, and corresponding
declarations.

2 A Gentle Introduction to DBPMN

In this section we give a gentle introduction to the DBPMN model and its sound-
ness analysis, by means of the running example concerned with the management of
packages by a fictitious company called BLACKSHIP.

To disambiguate the terminology, in this paper we call DBPMN model the inte-
grated model that we formalize, and DBPMN processes the instances of such model.

We describe the DBPMN example process intuitively to highlight the main dis-
tinctive features of the DBPMN model, of which we defer the formal definition to
Section 3. As explained at the end of this section, this process is intentionally flawed
even though this is not immediately apparent. We use this example to motivate our
unified modeling and verification approach by showing how a naive analysis (that
does not consider at once the control-flow, the data objects manipulation and the de-
cision logic) is unable to verify the correctness of these processes.

Process description. The example captures a fragment of a typical order-to-delivery
process and is graphically represented in DBPMN as shown in Figure 1.

• Control-flow

• Data

credits to Marco Montali
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Fig. 1 A DBPMN (unsound) process for handling packages, their shipment mode, and corresponding
declarations.

2 A Gentle Introduction to DBPMN

In this section we give a gentle introduction to the DBPMN model and its sound-
ness analysis, by means of the running example concerned with the management of
packages by a fictitious company called BLACKSHIP.

To disambiguate the terminology, in this paper we call DBPMN model the inte-
grated model that we formalize, and DBPMN processes the instances of such model.

We describe the DBPMN example process intuitively to highlight the main dis-
tinctive features of the DBPMN model, of which we defer the formal definition to
Section 3. As explained at the end of this section, this process is intentionally flawed
even though this is not immediately apparent. We use this example to motivate our
unified modeling and verification approach by showing how a naive analysis (that
does not consider at once the control-flow, the data objects manipulation and the de-
cision logic) is unable to verify the correctness of these processes.

Process description. The example captures a fragment of a typical order-to-delivery
process and is graphically represented in DBPMN as shown in Figure 1.

• Control-flow

• Data

• Decisions

credits to Marco Montali
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Fig. 1 A DBPMN (unsound) process for handling packages, their shipment mode, and corresponding
declarations.

2 A Gentle Introduction to DBPMN

In this section we give a gentle introduction to the DBPMN model and its sound-
ness analysis, by means of the running example concerned with the management of
packages by a fictitious company called BLACKSHIP.

To disambiguate the terminology, in this paper we call DBPMN model the inte-
grated model that we formalize, and DBPMN processes the instances of such model.

We describe the DBPMN example process intuitively to highlight the main dis-
tinctive features of the DBPMN model, of which we defer the formal definition to
Section 3. As explained at the end of this section, this process is intentionally flawed
even though this is not immediately apparent. We use this example to motivate our
unified modeling and verification approach by showing how a naive analysis (that
does not consider at once the control-flow, the data objects manipulation and the de-
cision logic) is unable to verify the correctness of these processes.

Process description. The example captures a fragment of a typical order-to-delivery
process and is graphically represented in DBPMN as shown in Figure 1.

• Control-flow

• Data

• Decisions

• Resources

• Time

• …

credits to Marco Montali



Importance 
of Models

Journal of Biomedical Informatics 127 (2022) 103994

5

patients in need of the same treatment come with different co- 
morbidities and complications, involve complex decision-making due 
to its knowledge-intensive nature, are performed by a network of spe-
cialists, and continuously evolve due to innovations and unforeseen 
situations [43]. Identifying differences between groups of pathway ex-
ecutions through process variant analysis helps to decide whether pro-
cess improvement is needed, and if so, which changes can make the 
process more efficient [44]. An example of this analysis is Caron et al. 
[45], where data of 1143 gynecologic oncology patients were analysed 
in two subsets: one with patients receiving radiotherapy and the other 
with patients receiving chemotherapy. There are various challenges 
related to process variant analysis, including the comparison of process 
variants from the resource perspective, the verification of guideline 
compliance, the discovery of how adverse events are faced, the analysis 
of process variants across the whole patient journey (including pre-
vention, pre-hospital care, hospital treatment and rehabilitation), and 
the identification of useful variants for process improvement [42–46]. 

Process mining also has applications for disease trajectory modeling, 

which refers to models characterising the progress of a disease over time 
and compare the disease evolution depending on patient attributes such 
as the age, co-morbidities and received treatments received of a patient 
[47,48]. An example is the study conducted by De Oliveira et al. [49], 
where data of 76.523 sepsis patients was used to uncover the most 
common diagnostics that patients received prior and after the diagnosis 
to understand better how to identify and manage sepsis. Using process 
mining, they developed a bow-tie visualisation, which allowed them to 
discover that pneumonia and gastrointestinal disorders commonly 
occurred before sepsis, while septicaemia, pneumonia and urinary tract 
infections occurred after sepsis. Challenges in disease trajectory 
modeling using process mining are the development of models which are 
easy to understand (i.e. clear visualisations of the trajectories), and the 
comparison of these models with clinical guidelines using conformance 
checking [48]. 

The aforementioned use cases only aim to illustrate the opportunities 
that process mining offers to healthcare. There are various other highly 
relevant questions for which process mining can generate relevant 

Fig. 2. Process model representing the sepsis patients trajectory, based on Mannhardt [25]. The model was created using BPMN as a process modelling language. The 
start event (○) indicates the start point of the process, and the end event (circle at the end of the model) indicates the end point of the process. The gateways represent 
alternative paths: the parallel gateway ( ) means that all the paths should be followed, and the exclusive gateway ( ) means that only one path .can be followed. 

J. Munoz-Gama et al.                                                                                                                                                                                                                          

Acquisition
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credits to Marco Montali
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Why maintaining process models?

Documentation 
Design-time support 
•What-if analysis, teaching

• Simulation

• Verification

Runtime support: enactment and orchestration

credits to Marco Montali



Why maintaining process models?

Documentation 
Design-time support 
•What-if analysis, teaching

• Simulation

• Verification

Runtime support: enactment and orchestration

Only useful if they accurately represent reality!
credits to Marco Montali
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(Business) process modelling = modelling of pathways
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Model of Clinical Pathways
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insights. These questions include: 

• How does the process flow of patients with a particular medical compli-
cation differ from other patients? 

Every patient is unique, which implies that patients with the same 
illness respond differently to the same treatment due to co- 
morbidities and other contextual factors [50]. Variations in the pa-
tient trajectory can be discovered with process mining algorithms, 
which help to characterise groups of similar patients (in terms of 
medical history, laboratory tests, etc.), allowing healthcare pro-
fessionals to gain profound insights in the treatment trajectory of 
various patient types.  

• To which extent is the care pathway for a particular medical condition 
followed in practice? 

With the rise of evidence-based medicine, protocols and clinical 
guidelines are developed to provide clarity in the necessary steps 
when diagnosing and treating a medical condition [51]. However, it 
is difficult to determine the implementation and effectiveness of 
clinical protocols and guidelines in reality, i.e. whether they are 
followed in practice. Process mining allows practitioners and re-
searchers to perform this type of analysis, which can help to under-
stand major deviations from clinical guidelines, as well as to identify 
areas for improvement in clinical guidelines and protocols.  

• Where are the bottlenecks in a healthcare process? 
Time is often an important variable in healthcare. Process mining 

makes it possible to analyse the time perspective of processes 
through indicators such as waiting times and activity duration, 
which together help to detect bottlenecks in a process. Having this 
information on healthcare processes, such as those in an emergency 
department, can drive decision-making to, for example, improve the 
availability of boxes and reduce waiting times [52].  

• How do multiple clinical experts interact in a care process? 
Collaboration between clinicians and other healthcare staff is daily 

practice in healthcare [53]. Hence, when analysing a care process, 
various healthcare professionals are likely to be involved when 
treating a disease. Process mining provides tools to analyse collab-
oration patterns among healthcare professionals within a process, e. 
g. by identifying handovers of work [54]. 

These questions illustrate that PM4H can support healthcare pro-
fessionals in answering a wide variety of process-related questions. 
Against this background, the next section will outline distinguishing 
characteristics of healthcare processes. Afterwards, key challenges for 
the PM4H community are discussed. 

3. Distinguishing Characteristics 

This section outlines ten distinguishing characteristics of healthcare 
processes, which have implications for PM4H. While we do not claim 
that these characteristics are exclusive to the healthcare domain, we 
consider them as highly relevant for the use of process mining in a 
healthcare context. The distinguishing characteristics are discussed 
separately in the remainder of this section, but, in practice, they are also 
interconnected, adding to the complexity required to take them into 
consideration. Moreover, the distinguishing characteristics give rise to 
specific challenges, which need to be taken into account when devel-
oping process mining techniques. 

3.1. D1: Exhibit Substantial Variability 

Healthcare processes are complex, in part because they tend to 
exhibit significant variability [4,18,55]. Several factors contribute to 
this intrinsic presence of variability in healthcare processes. These fac-
tors include the vast diversity of activities that can typically be executed, 
the fact that several subprocesses can be executed simultaneously (e.g., 
in case of polytrauma), and the influence of differences in the personal 
preferences/characteristics of patients, clinicians and other healthcare 
professionals (e.g., impacting choices made in the treatment process) 
[18,56]. The combination of such factors tends to make almost all cases 
(e.g., a patient in a clinical process) different. For instance: given the 
patient’s pathologies and co-morbidities, a different set of activities 
might need to be executed in comparison with the standard pathway. 
Moreover, patients can respond very differently to particular treatments, 
which affects the order or type of activities that follow. It should also not 
be forgotten that the patient is the ultimate decision maker, who may 
accept or decline a particular treatment according to beliefs, fears or 
perceptions regarding quality of life. 

When an event log of a highly variable healthcare process is used to 
discover a control-flow model, control-flow discovery algorithms are 
likely to generate an unstructured model, often referred to as a spaghetti 
model [8]. Classic process mining techniques are not well prepared to 
deal with unstructured processes and, as a consequence, generate pro-
cess models which are extremely challenging to interpret. A common 
approach to deal with this issue is to remove or reduce the variability in 
the event log by means of abstraction techniques such as filtering or 
aggregation, e.g., using trace clustering techniques [57] and semantic 
aggregation of activities [58,59]. However, this approach generates 
process models that only cover a small part of the problem at hand. Such 
approaches might not be sufficient for many real-world healthcare ap-
plications because they only provide a partial view of the process and 
may hide valuable infrequent behaviour. Hence, PM4H researchers 
should be aware of the variability issue when providing solutions, tools 
and frameworks to understand and deal with this variability. 

3.2. D2: Value the Infrequent Behaviour 

While infrequent behaviour could be considered as noise in a general 
scenario, it can be a source of valuable knowledge in the healthcare 
domain. Healthcare is known for being especially prone to workarounds, 
i.e., intentional deviations from prescribed practices [60]. Therefore, 
infrequent behaviour typically needs to be considered in PM4H. For 
example, nurses must check the vital signs of a patient before a 
consultation with a physician, and should immediately register the 
scores in the HIS. However, an analysis of the process might show that 
nurses keep track of the scores on a notepad and insert all the 

Table 2 
Sepsis patients event log example, based on [26].  

Case 
id 

Activity Timestamp Transaction 
type 

Resource … 

… … … … …  
253 ER Triage 04–13-2021 

11:33:50 
complete Nurse 1 … 

255 Release A 04–13-2021 
11:35:05 

complete Physician 
02 

… 

259 Lactic Acid 04–13-2021 
11:38:55 

complete Nurse 4 … 

254 Leucocytes 04–13-2021 
11:41:23 

complete Nurse 5 … 

256 Lactic Acid 04–13-2021 
11:52:35 

complete Nurse 4 … 

257 ER Triage 04–13-2021 
11:53:16 

complete Nurse 7 … 

258 ER 
Registration 

04–13-2021 
11:54:47 

complete Nurse 8 … 

253 Admission 
NC 

04–13-2021 
11:55:26 

complete Physician 
02 

… 

259 Admission IC 04–13-2021 
11:58:30 

complete Physician 
03 

… 

260 CRP 04–13-2021 
12:01:12 

complete Nurse 07 … 

261 Release B 04–13-2021 
12:02:00 

complete Physician 
03 

… 

253 IV Liquid 04–13-2021 
12:05:33 

complete Nurse 2 … 

… … … … … …  

J. Munoz-Gama et al.                                                                                                                                                                                                                          https://ceur-ws.org/Vol-1859/bpmds-08-paper.pdf 

time
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insights. These questions include: 

• How does the process flow of patients with a particular medical compli-
cation differ from other patients? 

Every patient is unique, which implies that patients with the same 
illness respond differently to the same treatment due to co- 
morbidities and other contextual factors [50]. Variations in the pa-
tient trajectory can be discovered with process mining algorithms, 
which help to characterise groups of similar patients (in terms of 
medical history, laboratory tests, etc.), allowing healthcare pro-
fessionals to gain profound insights in the treatment trajectory of 
various patient types.  

• To which extent is the care pathway for a particular medical condition 
followed in practice? 

With the rise of evidence-based medicine, protocols and clinical 
guidelines are developed to provide clarity in the necessary steps 
when diagnosing and treating a medical condition [51]. However, it 
is difficult to determine the implementation and effectiveness of 
clinical protocols and guidelines in reality, i.e. whether they are 
followed in practice. Process mining allows practitioners and re-
searchers to perform this type of analysis, which can help to under-
stand major deviations from clinical guidelines, as well as to identify 
areas for improvement in clinical guidelines and protocols.  

• Where are the bottlenecks in a healthcare process? 
Time is often an important variable in healthcare. Process mining 

makes it possible to analyse the time perspective of processes 
through indicators such as waiting times and activity duration, 
which together help to detect bottlenecks in a process. Having this 
information on healthcare processes, such as those in an emergency 
department, can drive decision-making to, for example, improve the 
availability of boxes and reduce waiting times [52].  

• How do multiple clinical experts interact in a care process? 
Collaboration between clinicians and other healthcare staff is daily 

practice in healthcare [53]. Hence, when analysing a care process, 
various healthcare professionals are likely to be involved when 
treating a disease. Process mining provides tools to analyse collab-
oration patterns among healthcare professionals within a process, e. 
g. by identifying handovers of work [54]. 

These questions illustrate that PM4H can support healthcare pro-
fessionals in answering a wide variety of process-related questions. 
Against this background, the next section will outline distinguishing 
characteristics of healthcare processes. Afterwards, key challenges for 
the PM4H community are discussed. 

3. Distinguishing Characteristics 

This section outlines ten distinguishing characteristics of healthcare 
processes, which have implications for PM4H. While we do not claim 
that these characteristics are exclusive to the healthcare domain, we 
consider them as highly relevant for the use of process mining in a 
healthcare context. The distinguishing characteristics are discussed 
separately in the remainder of this section, but, in practice, they are also 
interconnected, adding to the complexity required to take them into 
consideration. Moreover, the distinguishing characteristics give rise to 
specific challenges, which need to be taken into account when devel-
oping process mining techniques. 

3.1. D1: Exhibit Substantial Variability 

Healthcare processes are complex, in part because they tend to 
exhibit significant variability [4,18,55]. Several factors contribute to 
this intrinsic presence of variability in healthcare processes. These fac-
tors include the vast diversity of activities that can typically be executed, 
the fact that several subprocesses can be executed simultaneously (e.g., 
in case of polytrauma), and the influence of differences in the personal 
preferences/characteristics of patients, clinicians and other healthcare 
professionals (e.g., impacting choices made in the treatment process) 
[18,56]. The combination of such factors tends to make almost all cases 
(e.g., a patient in a clinical process) different. For instance: given the 
patient’s pathologies and co-morbidities, a different set of activities 
might need to be executed in comparison with the standard pathway. 
Moreover, patients can respond very differently to particular treatments, 
which affects the order or type of activities that follow. It should also not 
be forgotten that the patient is the ultimate decision maker, who may 
accept or decline a particular treatment according to beliefs, fears or 
perceptions regarding quality of life. 

When an event log of a highly variable healthcare process is used to 
discover a control-flow model, control-flow discovery algorithms are 
likely to generate an unstructured model, often referred to as a spaghetti 
model [8]. Classic process mining techniques are not well prepared to 
deal with unstructured processes and, as a consequence, generate pro-
cess models which are extremely challenging to interpret. A common 
approach to deal with this issue is to remove or reduce the variability in 
the event log by means of abstraction techniques such as filtering or 
aggregation, e.g., using trace clustering techniques [57] and semantic 
aggregation of activities [58,59]. However, this approach generates 
process models that only cover a small part of the problem at hand. Such 
approaches might not be sufficient for many real-world healthcare ap-
plications because they only provide a partial view of the process and 
may hide valuable infrequent behaviour. Hence, PM4H researchers 
should be aware of the variability issue when providing solutions, tools 
and frameworks to understand and deal with this variability. 

3.2. D2: Value the Infrequent Behaviour 

While infrequent behaviour could be considered as noise in a general 
scenario, it can be a source of valuable knowledge in the healthcare 
domain. Healthcare is known for being especially prone to workarounds, 
i.e., intentional deviations from prescribed practices [60]. Therefore, 
infrequent behaviour typically needs to be considered in PM4H. For 
example, nurses must check the vital signs of a patient before a 
consultation with a physician, and should immediately register the 
scores in the HIS. However, an analysis of the process might show that 
nurses keep track of the scores on a notepad and insert all the 

Table 2 
Sepsis patients event log example, based on [26].  

Case 
id 

Activity Timestamp Transaction 
type 

Resource … 

… … … … …  
253 ER Triage 04–13-2021 

11:33:50 
complete Nurse 1 … 

255 Release A 04–13-2021 
11:35:05 

complete Physician 
02 

… 

259 Lactic Acid 04–13-2021 
11:38:55 

complete Nurse 4 … 

254 Leucocytes 04–13-2021 
11:41:23 

complete Nurse 5 … 

256 Lactic Acid 04–13-2021 
11:52:35 

complete Nurse 4 … 

257 ER Triage 04–13-2021 
11:53:16 

complete Nurse 7 … 

258 ER 
Registration 

04–13-2021 
11:54:47 

complete Nurse 8 … 
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NC 

04–13-2021 
11:55:26 

complete Physician 
02 

… 

259 Admission IC 04–13-2021 
11:58:30 

complete Physician 
03 

… 

260 CRP 04–13-2021 
12:01:12 

complete Nurse 07 … 

261 Release B 04–13-2021 
12:02:00 

complete Physician 
03 

… 

253 IV Liquid 04–13-2021 
12:05:33 

complete Nurse 2 … 

… … … … … …  

J. Munoz-Gama et al.                                                                                                                                                                                                                          https://ceur-ws.org/Vol-1859/bpmds-08-paper.pdf 
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insights. These questions include: 

• How does the process flow of patients with a particular medical compli-
cation differ from other patients? 

Every patient is unique, which implies that patients with the same 
illness respond differently to the same treatment due to co- 
morbidities and other contextual factors [50]. Variations in the pa-
tient trajectory can be discovered with process mining algorithms, 
which help to characterise groups of similar patients (in terms of 
medical history, laboratory tests, etc.), allowing healthcare pro-
fessionals to gain profound insights in the treatment trajectory of 
various patient types.  

• To which extent is the care pathway for a particular medical condition 
followed in practice? 

With the rise of evidence-based medicine, protocols and clinical 
guidelines are developed to provide clarity in the necessary steps 
when diagnosing and treating a medical condition [51]. However, it 
is difficult to determine the implementation and effectiveness of 
clinical protocols and guidelines in reality, i.e. whether they are 
followed in practice. Process mining allows practitioners and re-
searchers to perform this type of analysis, which can help to under-
stand major deviations from clinical guidelines, as well as to identify 
areas for improvement in clinical guidelines and protocols.  

• Where are the bottlenecks in a healthcare process? 
Time is often an important variable in healthcare. Process mining 

makes it possible to analyse the time perspective of processes 
through indicators such as waiting times and activity duration, 
which together help to detect bottlenecks in a process. Having this 
information on healthcare processes, such as those in an emergency 
department, can drive decision-making to, for example, improve the 
availability of boxes and reduce waiting times [52].  

• How do multiple clinical experts interact in a care process? 
Collaboration between clinicians and other healthcare staff is daily 

practice in healthcare [53]. Hence, when analysing a care process, 
various healthcare professionals are likely to be involved when 
treating a disease. Process mining provides tools to analyse collab-
oration patterns among healthcare professionals within a process, e. 
g. by identifying handovers of work [54]. 

These questions illustrate that PM4H can support healthcare pro-
fessionals in answering a wide variety of process-related questions. 
Against this background, the next section will outline distinguishing 
characteristics of healthcare processes. Afterwards, key challenges for 
the PM4H community are discussed. 

3. Distinguishing Characteristics 

This section outlines ten distinguishing characteristics of healthcare 
processes, which have implications for PM4H. While we do not claim 
that these characteristics are exclusive to the healthcare domain, we 
consider them as highly relevant for the use of process mining in a 
healthcare context. The distinguishing characteristics are discussed 
separately in the remainder of this section, but, in practice, they are also 
interconnected, adding to the complexity required to take them into 
consideration. Moreover, the distinguishing characteristics give rise to 
specific challenges, which need to be taken into account when devel-
oping process mining techniques. 

3.1. D1: Exhibit Substantial Variability 

Healthcare processes are complex, in part because they tend to 
exhibit significant variability [4,18,55]. Several factors contribute to 
this intrinsic presence of variability in healthcare processes. These fac-
tors include the vast diversity of activities that can typically be executed, 
the fact that several subprocesses can be executed simultaneously (e.g., 
in case of polytrauma), and the influence of differences in the personal 
preferences/characteristics of patients, clinicians and other healthcare 
professionals (e.g., impacting choices made in the treatment process) 
[18,56]. The combination of such factors tends to make almost all cases 
(e.g., a patient in a clinical process) different. For instance: given the 
patient’s pathologies and co-morbidities, a different set of activities 
might need to be executed in comparison with the standard pathway. 
Moreover, patients can respond very differently to particular treatments, 
which affects the order or type of activities that follow. It should also not 
be forgotten that the patient is the ultimate decision maker, who may 
accept or decline a particular treatment according to beliefs, fears or 
perceptions regarding quality of life. 

When an event log of a highly variable healthcare process is used to 
discover a control-flow model, control-flow discovery algorithms are 
likely to generate an unstructured model, often referred to as a spaghetti 
model [8]. Classic process mining techniques are not well prepared to 
deal with unstructured processes and, as a consequence, generate pro-
cess models which are extremely challenging to interpret. A common 
approach to deal with this issue is to remove or reduce the variability in 
the event log by means of abstraction techniques such as filtering or 
aggregation, e.g., using trace clustering techniques [57] and semantic 
aggregation of activities [58,59]. However, this approach generates 
process models that only cover a small part of the problem at hand. Such 
approaches might not be sufficient for many real-world healthcare ap-
plications because they only provide a partial view of the process and 
may hide valuable infrequent behaviour. Hence, PM4H researchers 
should be aware of the variability issue when providing solutions, tools 
and frameworks to understand and deal with this variability. 

3.2. D2: Value the Infrequent Behaviour 

While infrequent behaviour could be considered as noise in a general 
scenario, it can be a source of valuable knowledge in the healthcare 
domain. Healthcare is known for being especially prone to workarounds, 
i.e., intentional deviations from prescribed practices [60]. Therefore, 
infrequent behaviour typically needs to be considered in PM4H. For 
example, nurses must check the vital signs of a patient before a 
consultation with a physician, and should immediately register the 
scores in the HIS. However, an analysis of the process might show that 
nurses keep track of the scores on a notepad and insert all the 

Table 2 
Sepsis patients event log example, based on [26].  

Case 
id 

Activity Timestamp Transaction 
type 

Resource … 

… … … … …  
253 ER Triage 04–13-2021 

11:33:50 
complete Nurse 1 … 

255 Release A 04–13-2021 
11:35:05 

complete Physician 
02 

… 

259 Lactic Acid 04–13-2021 
11:38:55 

complete Nurse 4 … 

254 Leucocytes 04–13-2021 
11:41:23 

complete Nurse 5 … 

256 Lactic Acid 04–13-2021 
11:52:35 

complete Nurse 4 … 

257 ER Triage 04–13-2021 
11:53:16 

complete Nurse 7 … 

258 ER 
Registration 

04–13-2021 
11:54:47 

complete Nurse 8 … 

253 Admission 
NC 

04–13-2021 
11:55:26 

complete Physician 
02 

… 

259 Admission IC 04–13-2021 
11:58:30 

complete Physician 
03 

… 

260 CRP 04–13-2021 
12:01:12 

complete Nurse 07 … 

261 Release B 04–13-2021 
12:02:00 

complete Physician 
03 

… 

253 IV Liquid 04–13-2021 
12:05:33 

complete Nurse 2 … 

… … … … … …  

J. Munoz-Gama et al.                                                                                                                                                                                                                          https://ceur-ws.org/Vol-1859/bpmds-08-paper.pdf 

subject/instance whenwhat step who other data attributes

time

event

trace for “253”

https://ceur-ws.org/Vol-1859/bpmds-08-paper.pdf


What we produce: …. a story

ER Triage Admission IV liquid
11:33 11:55 12:05

TIMEEvent

Starting point: execution trace

253Case ID 253 253

Timetamp
Nurse 1 Nurse 2Altri attributi

Event Log: set of execution traces 

Physician 02

…………..



Awareness of expected and 
unexpected paths

Discovery

credits to W.M.P. van der Aalst

register travel 
request (a)

get detailed 
motivation 
letter (c)

get support 
from local 

manager (b)

check budget 
by finance (d)

decide (e)

accept 
request (g)

reject 
request (h)

reinitiate 
request (f)

start end

Case    Activity                                            Timestamp Resource
432       register travel request (a) 18-3-2014:9.15 John
432       get support from local manager (b)  18-3-2014:9.25 Mary
432       check budget by finance (d) 19-3-2014:8.55 John
432       decide (e) 19-3-2014:9.36 Sue
432       accept request (g) 19-3-2014:9.48 Mary



How many (and which) 
traces follow the 
prescriptive model?


• consciousness

• discussion

• corrective measures

Conformance checking

credits to W.M.P. van der Aalst



What can I do? 

OK

Skipped activity

Activity not in the 
model

OK

Skipped activity

Activity not in the 
model



Operational Support
An example: predictions!

What	therapy	shall	I	give	
Bob	to	increase	his		
possibili5es	to	recover?	

Bob’s	History	(trace)	

Blood	test	 X-Ray	 Diagnosis	

Surgery	

Manipula5on	

Drug	therapy	

8/11/2016	
Bilirubin:	1.9	mg/DL	
Calcium:	8.0	mg/DL	

Spine	
abnorm
ally	

curved	

Scoliosis	

?	events	

data	

Will Bob undergo 
surgery?

Chiara Di Francescomarino, Chiara Ghidini:

Predictive Process Monitoring. Process Mining Handbook 2022: 320-346

https://dblp.org/pid/90/4850.html
https://dblp.org/db/books/collections/PMH2022.html#FrancescomarinoG22


Tools! (Some)

Open source Commercial vendors

BIPODApromore
ARIS

EverFlow



Why did I get intersted in Process Mining?

2022

2015

2003

Semantic Web 
Description Logics

Temporal Logic

Contextual Logics Me!



Process Model Discovery

Execution  
Traces

Discovery

Process  
Model

— Models & Data #1— 

in BPM data have full meaning  
when paired with a 

conceptual / formal model



Process Model Discovery

Execution  
Traces

Discovery

Process  
Model

and Conformance Checking

— Models & Data #2 —  
 

in BPM conceptual / formal 
models have full meaning  

when paired with data

Two views of 
the same world



Discovery on multidimensional data
• Discovery of data conditions


• Discovery of multi-entity process models


• Discover action-response-effect patterns


• Discovery of probabilistic models


• Discovery from text

Massimiliano de Leoni, Wil M. P. van der Aalst: Data-aware process mining: 
discovering decisions in processes using alignments. SAC 2013: 1454-1461

Dirk Fahland: Process Mining over Multiple Behavioral Dimensions with 
Event Knowledge Graphs. Process Mining Handbook 2022: 274-319

Jelmer Jan Koorn, Xixi Lu, Henrik Leopold, Hajo A. Reijers: From action to 
response to effect: Mining statistical relations in work processes. Inf. Syst. 
109: 102035 (2022)

Anti Alman, Fabrizio Maria Maggi, Marco Montali, Rafael Peñaloza:

Probabilistic declarative process mining. Inf. Syst. 109: 102033 (2022)

Patrizio Bellan, Mauro Dragoni, Chiara Ghidini: Extracting Business Process 
Entities and Relations from Text Using Pre-trained Language Models and In-
Context Learning. EDOC 2022: 182-199



• Conceptual & Semantic modeling and analysis of process executions


• Event Knowledge Graphs 

• Extraction of Process Knowledge Graphs from text



Prepare Pizza

Actor

Resource

Discovery on multidimensional data
Data need conceptual models and conceptual models need data 

Drive Obtain Driving 
Licence

Bake Cake Make Cake

Sous Chef

Owen

“Law of nature” Goal of the process Norms

Historical dependence

Causal dependence

Goal-based  
co-occurrence

Motivations: WHY?

Ki
nd

s o
f d

ep
en

de
nc

es “The occurrence of y 
presupposes that another 

activity x occurred in the past”

“x causes y” 

“The occurrence of both, x and y, is 
necessary for the satisfaction of G”

Let x and y two activities:

BAKE  
PIZZA

DELIVER  
PIZZA

PURCHASE 
GOODS

LOGINMAKE 
DIAGNOSIS

PROPOSE 
TREATMENT

ORDER PIZZA 
DELIVERY

DELIVER 
PIZZA

FIRST USE 
SOFTWARE

EVALUATE 
TERMS AND 
CONDITIONS

SEND 
MESSAGE

RECEIVE 
MESSAGE

DELIVER  
PIZZA

MAKE 
PAYMENT

Greta Adamo, Chiara Di Francescomarino, Chiara Ghidini, Fabrizio Maria Maggi: Beyond 
arrows in process models: A user study on activity dependences and their rationales. Inf. 
Syst. 100: 101762 (2021)

Actor Role Resource

Artifact

Greta Adamo, Chiara Di 
Francescomarino, Chiara Ghidini:

Digging into Business Process Meta-
models: A First Ontological Analysis. 
CAiSE 2020: 384-400

The more we discover the more 
we need to understand about 
the conceptual nature of data. 

0.1

0.1

kneading  
machine



Semantic-based 
Process Data 
Analysis



An example: Birth Management Process
Roles

Documents

Activities

Flow objects

Execution Traces



Example analysis

Query Description P K T Inference
Q.1 Average time per process execution spent by a specific 

municipality. X

Q.2 Total number of Registration Request documents filled from 
January, 1st, 2014. X X

Q.3 Percentage of times in which the flow followed is the one 
which passes first through the APSS pool and then through 
the municipality one.

X X

Q.4 Number of cases and average time spent by each public 
office involved in the birth management procedure for 
executing optional activities.

X X X X

Q.5 Number of times in which the municipality sends to SAIA a 
request without FiscalCode. X X X X

Q.6 Last event of trace TraceID. X
Q.7 Average time spent by trace TraceID. X
Q.8 Does the trace TraceID pass through the activity labeled with 

“PresentAtTheHospital”? X X



Process Analysis

Extracts analytical knowledge about the performances of a business process starting from 
collected process execution data


Three Challenges


• Challenge 1: Combining three different dimensions.


• D1: the procedural dimension (P)


• D2: the domain of interest (K)


• D3: the execution dimension (T)


• Challenge 2: Semantic Reasoning


• Challenge 3: Scalability



Semantic Process Analysis
A possible solution!

Employs Semantic Web techniques that leverage the explicit formalization of 
the semantics of a business process and the data it manipulates


Our approach / contributions:


• Challenge 1: Integrated OWL 2 / RDF model of P + K + T queried with 
SPARQL


• Challenge 2: OWL 2 reasoning for making explicit inferrable knowledge


• Challenge 3: Implementation based on SW triplestores



The Proposed Model: an Integrated View 

Reconciliation of knowledge and information related to different dimensions:

P

K

T

Model Layer

Data Layer

• BPMN Ontology


• Domain Ontology


• Trace Ontology

Piergiorgio Bertoli, Francesco Corcoglioniti, Chiara Di Francescomarino, Mauro Dragoni, Chiara Ghidini, Marco Pistore:

Semantic modeling and analysis of complex data-aware processes and their executions. Expert Syst. Appl. 198: 116702 (2022)



The Domain Ontology

The core The specific



The BPMN Ontology

Rospocher, M., Ghidini, C., Serafini, L.: An ontology for the business process modelling notation.  
In: 8th International Conference on Formal Ontology in Information Systems (FOIS 2014), 22-25 September 2014, Rio de Janeiro, Brazil. (2014)


Chiara Di Francescomarino, Chiara Ghidini, Marco Rospocher, Luciano Serafini, Paolo Tonella:

Semantically-Aided Business Process Modeling. ISWC 2009: 114-129

Receive
order

Check 
availability

Article available?

Ship article
Financial 

settlement
yes

Procurement

no Payment
received

Inform 
customer

Late deliveryUndeliverable

Customer
informed

Inform 
customer

Article
removed

Remove 
article from 
catalogue



The Trace Ontology

Execution Traces



The Integrated Ontological Model

TPK

Domain specific ontology

Core Domain Ontology Core Process Ontology
(BPMN Ontology)

Trace instances

Event Log

Process instances

A
C

B

Process Model Diagram (BPD)

Subclass-Of
Instance-Of
Execution-Of

Core Trace Ontology
Trace extension

Domain 
Knowledge 
and Data 
Objects 

Task(A)

sequence flow(s)

has sequence flow source ref(s,A)



The Architectural Solution

Challenges to cope: 

• collect trace data at fast rate 

• answer to complex queries 

Investigated solution: architecture based on triplestores

Static Data
M

Dynamic Data
(for trace t)

Dt

Augmented
Static Data

M υ M’

Augmented
Dynamic Data

Dt υ D’t

Dynamic Data Graph
Dt υ D’t

Static Data Graph
M υ M’

Central TriplestoreInferencing
Triplestore

Inferencing
Triplestore

SPARQL Query

Query Results



Semantic Web technologies work!
Traces Stored triples Storing Querying

Asserted Inferred Total Throughput Total time Avg. Time 
Q.4

Avg. Time 
Q.8

1500 3062349 1895471 4957820 37.89 trace/min 2426.88 s 324 ms 41.4 ms

10500 21910269 13057464 34967773 37.41 trace/min 16851.21 s 881.4 ms 26.2 ms

42000 87503538 52045200 139548738 37.34 trace/min 67537.95 s 4510.0 ms 105.0 ms

Daily, 
weekly, and 
monthly 
load.

Throughput independent 
of the load

Time required for 
queries is acceptable 
for real-time usage

Piergiorgio Bertoli, Francesco Corcoglioniti, Chiara Di Francescomarino, Mauro Dragoni, Chiara Ghidini, Marco Pistore:

Semantic modeling and analysis of complex data-aware processes and their executions. Expert Syst. Appl. 198: 116702 (2022)

https://dblp.org/pid/05/1344.html
https://dblp.org/pid/33/54.html
https://dblp.org/pid/90/4850.html
https://dblp.org/pid/70/394.html
https://dblp.org/pid/01/649.html
https://dblp.org/db/journals/eswa/eswa198.html#BertoliCFDGP22


Event Knowledge 
Graphs

Dirk Fahland: Process Mining over Multiple Behavioral Dimensions  
with Event Knowledge Graphs. Process Mining Handbook 2022: 274-319



Multi-entity  
Processes

Consider a retailer who took two Orders for multiple Items from the same customer: the 
customer first places Order O1 for 2 items X and 1 item Y , and shortly afterwards Order 
O2 for 1 item X and 1 item Y ….


Credits to Dirk Fahland



Multi-entity  
Processes

How do I translate these data into linear traces?


What do I lose? Credits to Dirk Fahland



Multi-entity  
Processes

Events relate to objects!

Credits to Dirk Fahland



Event Knowledge  
Graphs

Objects “justify” follows relations and correlate to events
Credits to Dirk Fahland



Assisted Process Knowledge 
Graph Building Using Pre-
Trained Language Models

Patrizio Bellan, Mauro Dragoni, Chiara Ghidini: Extracting Business Process Entities and Relations from Text 
Using Pre-trained Language Models and In-Context Learning. EDOC 2022: 182-199



Process information extraction from text

A customer brings in a defective computer 

and the CRS   checks the defect and hands out 

a repair cost calculation. If the customer 

decides that the costs are acceptable, the 

process continues, otherwise, ….

Brings in a defective computer

Checks the defect

Hands out a repair cost calculation

Takes her computer home unrepaired

Activity

Follows 
Relation

A Customer

The CRSPerforms Relation

Participant



Process information extraction from text – The Challenges
1.  NO Data Available 
2.  Challenging Entities

N.B. “talk to potential investors”  IS  a goal and NOT an activity 

The salesman arranges a road show to talk to 
potential investors 

The concert of Pink Floyd was in Venice

vsFactual event Concept event 

Extraction of instances Extraction of Concepts and (e.g. temporal relations)

The candidate sends the application to the HR office by email  

The candidate sends the application to the HR office by email 


The candidate sends the application to the HR office by email 


The candidate sends the application to the HR office by email 


The candidate sends the application to the HR office by email 

….. 

The candidate sends the application to the HR office by email 

 



Why pre-trained language models?

1.  NO Data Available: pre-trained language models solve data problem

2.  Challenging Entities: They contain the conceptual representation we need

Problem Solved! ????   NO



Why pre-trained language models?

1.  NO Data Available: pre-trained language models solve data problem

2.  Challenging Entities: They contain the conceptual representation we need

Problem Solved! ????   NO NO

We tried to use Zero-shot, but it does not work!!!

Precision Recall F1 score

Activity 0.43 0.25 0.32

Follows 0.00 0.00 0.00

Actor 0.38 0.37 0.36

Performs 0.27 0.43 0.32



Challenges for using generative pre-trained language models

1.How to pose questions


2.How to build the input (prompt construction)


3.How to evaluate results



GPT-3 model

user

Considering the following text …doc-1.1… list the 
activities of the process   

Activity nodes
- Received the form; - Check the form received; 
- Prepare the new document; - Send back the document;

1- How to pose questions – Step 1 – Activity Node

58



GPT-3 model

user

GPT-3 model
user

Considering the following text …doc-1.1… list the 
activities of the process

Who is the participant performing activity “Prepare the 
new document” in the process model?

- The customer office

  
Activity nodes

- Received the form; - Check the form received; 
- Prepare the new document; - Send back the document;

Actor nodes + 
Activity-Actor Edges

1- How to pose questions – Step 2 – Actor Node and Performs Relation

59



GPT-3 model

user

GPT-3 model
user

Considering the following text …doc-1.1… list the 
activities of the process

Considering the list of process activity described in the 
text, does activity “Received the form”  immediately 
follow activity “Prepare the new document” in the 
process model?

Who is the participant performing activity “Prepare the 
new document” in the process model?

- The customer office

nouser
GPT-3 model

  
Activity nodes

Activity edges

- Received the form; - Check the form received; 
- Prepare the new document; - Send back the document;

Participant nodes + 
Activity-Participant 
Edges

1- How to pose questions – Step 3 – Follows Relation

60

Good results for activity, 
actors, and performing 
relation. Still work to do 

with temporal relations and 
gateways.



Summing up!

• Work-Processes


• Process Mining 


• …… and I


• Graphs, Semantics, Knowledge Extraction & Processes 

• Semantic modeling and analysis of process executions


• Event Knowledge Graphs


• Extraction of Process Knowledge Graphs from text


