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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)
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In healthcare 

• medical guidelines


• clinical pathways


• treatment protocols


• …



How to create  
intelligent  

information systems  
to support  

(healthcare) professionals  
in process enactment  
and decision making? 
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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.                                                                                                                                                                                                                          
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Why process models?

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

• Simulation

• Verification

Runtime support: enactment and orchestration



Why process models?

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

• Simulation

• Verification

Runtime support: enactment and decision making

Only useful if they accurately represent reality!
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Problem #1
Flexibility
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Problem #2
The two realities within organisations

managers & 
analysts

knowledge 
workers

• definition of business 
goals


• definition of operational 
processes


• strategic decision making

• resource planning

• …

• day-by-day realization of 
goals


• execution of operational 
processes


• runtime decision making

• resource allocation

• …
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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 … 

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

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


Event log Journal of Biomedical Informatics 127 (2022) 103994

6

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 
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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 … 

… … … … … …  
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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 … 

… … … … … …  
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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 … 

… … … … … …  
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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 … 

… … … … … …  
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Replay: conformance checking256 8 Conformance Checking

Fig. 8.8 Conformance checking provides global conformance measures like fitness(L,N) and
local diagnostics (e.g., showing activities that were executed although not allowed according to
the process model). Moreover, the event log is partitioned into fitting and non-fitting cases. Both
sublogs can be used for further analysis, e.g., discovering a process model for the deviating cases

8.3 Alignments

Using token-based replay we can differentiate between fitting and non-fitting cases
(see Fig. 8.8). Moreover, the approach is easy to understand and can be implemented
efficiently. However, the approach also has some drawbacks. Intuitively, fitness val-
ues tend to be too high for extremely problematic event logs. If there are many
deviations, the Petri net gets “flooded with tokens” and subsequently allows for any
behavior. The approach is also Petri-net specific and can only be applied to other
representations after conversion. Moreover, if a case does not fit, the approach does
not create a corresponding path through the model. We would like to map observed
behavior onto modeled behavior to provide better diagnostics and to relate also non-
fitting cases to the model. For example, to compute the mean waiting time between
two activities, we cannot leave out all activities that do not fit perfectly. If we would
do so, the results could be biased. Alignments were introduced to overcome these
limitations [169].

To explain the notion of alignments informally, consider trace σ = 〈a, d, b, e,h〉
and the four models in Fig. 8.2. It is easy to see that σ fits perfectly in N1 and N4,



Typical questions in PM for healthcare
[Mans et al, ProHealth/KR4HC 2012]

1. What are the most frequent paths? And the outlier/
exceptional ones?


2. How do clinical pathways followed by different groups 
of patients compare to each other?


3. Are executions conforming with internal/external clinical 
guidelines?


4. What are the main bottlenecks?



Monitoring multiple process components in healthcare
[____,ProHealth/KR4HC 2011][____,CAiSE 2022]

Starting point: non-trivial interaction between

• clinical guidelines and background medical knowledge

• multiple clinical guidelines executed concurrently


Idea

• Instead of dealing with this interaction explicitly…

• Monitor what happens, and immediately report deviations, 

violations,  
• Give feedback on “best possible outcome”
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• clinical guidelines and background medical knowledge

• multiple clinical guidelines executed concurrently


Idea

• Instead of dealing with this interaction explicitly…

• Monitor what happens, and immediately report deviations, 

violations,  
• Give feedback on “best possible outcome”

Multi-model Monitoring Framework for Hybrid Process Specifications 331

Fig. 5. Example of monitoring results (excluding activity recommendations) for a case
where the patient is required to do a surgery and, at the same time, has a chest
infection.

and the chest infection DPNs, as well as the constraint requiring an X-ray check
if a patient has high body temperature or cough. The DPNs are assigned a
violation cost of 5, while the constraint is assigned a violation cost of 9. This
gives us a total of three process specifications, which, along with their violation
costs, are automatically combined into a single hybrid process specification for
monitoring.

A screenshot of the monitoring results, for a case where suspicion of a chest
infection causes the surgery to be postponed, is provided in Fig. 5. There are
a few key observations that we can make based on these monitoring results.
First, the stopping cost drops after certain events, indicating that some pro-
cess specifications have been completely and correctly carried out. Second, the
best reachable cost is always zero, indicating that there is always at least one
possible sequence of future events (including payloads) that would satisfy all
process specifications. The last process specification (the declarative part of the
hybrid specification) is temporarily violated after the first event because cough is
detected, thus requiring a chest X-ray to be performed. While these are the main
observations based on the given scenario, a more in-depth description, including
an overview of the activity recommendations, is available at https://youtu.be/
f9gy74Ikl8s.
Scalability. Multiple copies of the chest infection treatment DPN from Sect. 2
were used to asses the scalability of the monitoring approach. All activities
in each copy were renamed to be distinct and a constraint such as Chain
Response(noCIcopy01, CXraycopy02) was used to connect each new DPN copy
to the previous one, therefore allowing to scale up the experiments in a pre-
dictable manner that would also include interplay of the process specifications.
The same event log, consisting of four traces of three to four events, was used
for all tests.

Based on the test results (Table 1), it is clear that, for the offline task of
building the monitoring automaton, the scalability of the current implementation
is reasonable when the number of input process specifications is not very large.
While the memory usage and the size of the monitoring automaton are relatively
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High potential for healthcare applications 

Need for specialised process mining techniques for healthcare dealing with 
its distinguishing features [Munoz-Gama et al, JBI 2022]:

1. substantial variability

2. infrequent behaviour

3. documented guidelines/protocols 
4. context is key

5. data at multiple abstraction levels

6. multidisciplinary teams

7. focus on the patient

8. need for white-box approaches

9. presence of sensitive, low-quality data

10.continuous evolution of the field


