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General 
context



Faculty of engineering at unibz

850+ students, 40+ professors, 50+ researchers, 5 bachelor programmes, 
5 master programmes, 3 applied masters, 3 PhD  programmes
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KRDB research centre for Knowledge-
based Artificial Intelligence
Part of the CS and AI institute

• Strong focus on research excellence  
(foundational and applied) and collaborative projects 

• Wide network of collaborations on AI  
(technical, CS-oriented approach)


• Some key facts: Diego Calvanese PC Chair of IJCAI 2026, Chiara 
Ghidini vice-president of AIxIA, Marco Montali General Chair of AIxIA 
2024


• AI-lab (funded by FESR-EFRE with 1M €): AI-based services for the 
territory



Trustworthiness as “technical robustness”
AI systems operating under “provable guarantees”

• Initial focus: AI for data management, knowledge representation 
and automated reasoning, knowledge graphs, semantic 
technologies 

• Then expanded towards dynamic systems: AI for process science 
(BPM/process mining), temporal reasoning, automated 
planning and scheduling


• Recently: increasing focus on nesy integration, explainability, 
predictive/prescriptive techniques with guarantees, integration 
of learning, simulation, and reasoning 



Public outreach
50+ presentations to the public, schools, industries, politics, …
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Business process

organisation

value

customersassets/partners
A business process is a collection of related events, activities and 
decisions, that involve a number of actors and objects, and that collectively 
lead to an outcome that is of value to an organization or its customers
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Table 5.1 A fragment of some event log: each line corresponds to an event

Case id Event id Properties

Timestamp Activity Resource Cost . . .

1 35654423 30-12-2010:11.02 register request Pete 50 . . .

35654424 31-12-2010:10.06 examine thoroughly Sue 400 . . .

35654425 05-01-2011:15.12 check ticket Mike 100 . . .

35654426 06-01-2011:11.18 decide Sara 200 . . .

35654427 07-01-2011:14.24 reject request Pete 200 . . .

2 35654483 30-12-2010:11.32 register request Mike 50 . . .

35654485 30-12-2010:12.12 check ticket Mike 100 . . .

35654487 30-12-2010:14.16 examine casually Pete 400 . . .

35654488 05-01-2011:11.22 decide Sara 200 . . .

35654489 08-01-2011:12.05 pay compensation Ellen 200 . . .

3 35654521 30-12-2010:14.32 register request Pete 50 . . .

35654522 30-12-2010:15.06 examine casually Mike 400 . . .

35654524 30-12-2010:16.34 check ticket Ellen 100 . . .

35654525 06-01-2011:09.18 decide Sara 200 . . .

35654526 06-01-2011:12.18 reinitiate request Sara 200 . . .

35654527 06-01-2011:13.06 examine thoroughly Sean 400 . . .

35654530 08-01-2011:11.43 check ticket Pete 100 . . .

35654531 09-01-2011:09.55 decide Sara 200 . . .

35654533 15-01-2011:10.45 pay compensation Ellen 200 . . .

4 35654641 06-01-2011:15.02 register request Pete 50 . . .

35654643 07-01-2011:12.06 check ticket Mike 100 . . .

35654644 08-01-2011:14.43 examine thoroughly Sean 400 . . .

35654645 09-01-2011:12.02 decide Sara 200 . . .

35654647 12-01-2011:15.44 reject request Ellen 200 . . .

. . . . . . . . . . . . . . . . . . . . .

information is useful when analyzing performance related properties, e.g., the wait-
ing time between two activities. The events in Table 5.1 also refer to resources, i.e.,
the persons executing the activities. Also costs are associated to events. In the con-
text of process mining, these properties are referred to as attributes. These attributes
are similar to the notion of variables in Chap. 4.

Figure 5.2 shows the tree structure of an event log. Using this figure we can list
our assumptions about event logs.

• A process consists of cases.
• A case consists of events such that each event relates to precisely one case.
• Events within a case are ordered.
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Model-driven process management
1. process discovery via conceptual modelling

Semantic DMN 17
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> today [320,400) � 13 > 4000  0.25

> today [320,400) � 13 > 4000 > 0.25

n

y

n

y

n

y

n

y

n

1

2

3

4

5

6

7

8

9

Table 1: DMN representation of the ship clearance decision of Figure 1b

Enter Length
(m)

Cargo
(mg/cm2)

y,n � 0 � 0

Refuel Area

none, indoor, outdoor
U

Refuel area determination

n � �
y  350 �
y > 350  0.3

y > 350 > 0.3

none

indoor

indoor

outdoor

1

2
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4

Table 2: DMN representation of the refuel area determination decision of Figure 1b

over their corresponding datatypes. In Table 1, the input attributes are: (i) the certificate expira-
tion date, (ii) the length, (iii) the size, (iv) the capacity, and (v) the amount of cargo residuals of
a ship. Such attributes are nonnegative real numbers; this is captured by typing them as reals,
adding restriction “� 0” as facet. The rightmost, red cell represents the output attribute. In both
cases, there is only one output attribute, of type string. The cell below enumerates the possible
output values produced by the decision table, in descending priority order. If a default output is
defined, it is underlined. This is the case for the none string in Table 2.

Every other row models a rule. The intuitive interpretation of such rules relies on the usual
“if . . . then . . . ” pattern. For example, the first rule of Table 1 states that, if the certificate of the
ship is expired, then the ship cannot enter the port, that is, the enter output attribute is set to n

(regardless of the other input attributes). The second rule, instead, states that, if the ship has a
valid certificate, a length shorter than 260 m, a draft smaller than 10 m, and a capacity smaller
than 1000 TEU, then the ship is allowed to enter the port (regardless of the cargo residuals it
carries). Other rules are interpreted similarly.
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Table 1: DMN representation of the ship clearance decision of Figure 1b
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Table 2: DMN representation of the refuel area determination decision of Figure 1b

over their corresponding datatypes. In Table 1, the input attributes are: (i) the certificate expira-
tion date, (ii) the length, (iii) the size, (iv) the capacity, and (v) the amount of cargo residuals of
a ship. Such attributes are nonnegative real numbers; this is captured by typing them as reals,
adding restriction “� 0” as facet. The rightmost, red cell represents the output attribute. In both
cases, there is only one output attribute, of type string. The cell below enumerates the possible
output values produced by the decision table, in descending priority order. If a default output is
defined, it is underlined. This is the case for the none string in Table 2.

Every other row models a rule. The intuitive interpretation of such rules relies on the usual
“if . . . then . . . ” pattern. For example, the first rule of Table 1 states that, if the certificate of the
ship is expired, then the ship cannot enter the port, that is, the enter output attribute is set to n

(regardless of the other input attributes). The second rule, instead, states that, if the ship has a
valid certificate, a length shorter than 260 m, a draft smaller than 10 m, and a capacity smaller
than 1000 TEU, then the ship is allowed to enter the port (regardless of the cargo residuals it
carries). Other rules are interpreted similarly.
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Model-driven process management
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actual traces
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Real example…
Credits: SEE-lab, Technion

https://www.youtube.com/watch?v=KH21xXj2zxs


Difference between models and reality
2/3: reality is often more complex than expected
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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

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


Journal of Biomedical Informatics 127 (2022) 103994

6
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might need to be executed in comparison with the standard pathway. 
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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. 
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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 
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While infrequent behaviour could be considered as noise in a general 
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i.e., intentional deviations from prescribed practices [60]. Therefore, 
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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 … 

… … … … … …  

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”

Event logs

IEEE 1849-2016 standard https://xes-standard.org/ 

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


o1:Order

i1: Item

i2: Item

o2:Order

create 

order

add 

item

add 

item

validate 

item

move 

item

target target target to target to

contains

contains

target target

from

to

contains

validate

tem

target

contains

confirm

order

contains

target

contains

delete

order

target

contains

From traces to temporal graphs
Research frontier…

create 

order

contains contains

contains

contains contains contains



REALITY

managers/
analysts

enact/
monitor

process 
discovery

configure/
deploy

(re)
design

IT support

ORGANISATION

knowledge
workers

data

models

process models

event logs



REALITY

managers/
analysts

enact/
monitor

process 
discovery

configure/
deploy

(re)
design

IT support

ORGANISATION

knowledge
workers

data

models

process models

event logs

data-driven 
process management
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The process mining framework
Original picture by Wil van der Aalst1.3 Process Mining 9

Fig. 1.4 Positioning of the three main types of process mining: discovery, conformance, and en-
hancement

However, most information systems store such information in unstructured form,
e.g., event data is scattered over many tables or needs to be tapped off from sub-
systems exchanging messages. In such cases, event data exist but some efforts are
needed to extract them. Data extraction is an integral part of any process mining
effort.

Let us assume that it is possible to sequentially record events such that each
event refers to an activity (i.e., a well-defined step in the process) and is related to
a particular case (i.e., a process instance). Consider, for example, the handling of
requests for compensation modeled in Fig. 1.1. The cases are individual requests
and per case a trace of events can be recorded. An example of a possible trace
is ⟨register request, examine casually, check ticket, decide, reinitiate request, check
ticket, examine thoroughly, decide, pay compensation⟩. Here activity names are used
to identify events. However, there are two decide events that occurred at different
times (the fourth and eighth event of the trace), produced different results, and may
have been conducted by different people. Obviously, it is important to distinguish
these two decisions. Therefore, most event logs store additional information about
events. In fact, whenever possible, process mining techniques use extra information
such as the resource (i.e., person or device) executing or initiating the activity, the
timestamp of the event, or data elements recorded with the event (e.g., the size of an
order).

Event logs can be used to conduct three types of process mining as shown in
Fig. 1.4.
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Play in: automated discovery
Model learning from trace data - typically, with positive examples only
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Play out: synthetic event log generation
Synthesis of meaningful event data from a model
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Replay: conformance checking
Behaviour recognition, deviation analysis
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AI and process science
Replay: Connecting events to model 
elements is essential for process mining
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Credits: Marlon Dumas
AI-augmentation along the BPM lifecycle

How do my processes look like? 
Where are the bottlenecks, 
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Automated process discovery 
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Performance mining 
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process mining
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AI-augmentation along the BPM lifecycle

BPM

How do my processes look like? 
Where are the bottlenecks, 

wastes, compliance violations, 
positive and negative deviances?

How will my process look like in 
the future, if I leave it as-is, or 
make a change? What is the 

impact of automation or change?

When should I adapt my process 
and how? Where can I add most 

value to a process? 

Automated process discovery 
Conformance checking 

Performance mining 
Variant analysis

Predictive process monitoring 
What-if digital process twins
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Adaptive self-driving processes 
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process mining

What can I do to improve my 
process? When should I trigger 
an intervention? Which process 
changes should I implement?

Credits: Marlon Dumas





An ABPMS is a process-aware 
information system that relies on 

trustworthy AI technology to reason 
and act upon data, within a set of 

restrictions, with the aim to 
continuously adapt and improve a set 
of business processes with respect to 
one or more performance indicators.
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What is a process?
A possibly infinite set of finite traces

Σ*
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Framing in AI-augmented process science

Σ*

AI



Σ*

Key question: how to capture this set?



Procedural process specification
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Flexibility is everywhere
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The “Declare” approach
[Pesic et al, EDOC 2007] [___,Springer Book 2010] [___,TWEB 2011]

A set of temporal constraints 

• Constraints have to be all satisfied over a complete 
execution trace 

• Compositional approach by conjunction

templates grounded on the 
activities of interest



Which constraints are useful?
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To close an order, you 
must first pick an item
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Representation question
How to characterise the set of traces in the specification?

Declare 
specification



Which constraints are useful?



Which constraints are useful?

Patterns in Linear 

Temporal Logic 

(LTL) 

[Pnueli, SFSC1977]
Now interpreted 

over finite traces! 
(LTLf)

[DeGiacomoVardi, 
IJCAI2013]



Which constraints are useful?

Patterns in Linear 

Temporal Logic 

(LTL) 

[Pnueli, SFSC1977]
Now interpreted 

over finite traces! 
(LTLf)

[DeGiacomoVardi, 
IJCAI2013] Same syntax, 

radically different 
meaning 

[___,AAAI2014]



Semantics of Declare via LTLf

Atomic propositions are activities

Each constraint is an LTLf formula (built from template formulae)


Each state contains  
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Semantics of Declare via LTLf

Atomic propositions are activities

Each constraint is an LTLf formula (built from template formulae)
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Semantics of Declare via LTLf

Atomic propositions are activities

A Declare specification is the conjunction of its constraint formulae
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Semantics of Declare via LTLf

Atomic propositions are activities

A Declare specification is the conjunction of its constraint formulae
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An unconventional use of logics 
(In process science)

From …

Temporal logics for specifying (un)desired properties of a 
dynamic system


… to …

Temporal logics for specifying the dynamic system itself



AI for Declare/LTLf-based processes
An incomplete picture…
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From LTLf/Declare to automata
[DeGiacomoVardi,IJCAI2013]  [____,TOSEM2022]

LTLf NFA 
nondeterministic

DFA 
deterministic

LTLf2aut determin.

'

ltlf /ldl and automata

Key point
ltlf /ldlf formulas can be translated into equivalent nfa:

t |= Ï i� t œ L(AÏ)
Costs:

• ltlf /ldlf to nfa (exponential)
• nfa to dfa (exponential)

Observe: often nfa/dfa corresponding to ltlf /ldlf are in fact small!

We can compile reasoning into automata based procedures!

Giuseppe De Giacomo (Sapienza) Reasoning and Planning for ltlf /ldlf goals CILC 2018 – Sept. 21, 2018 18 / 59

Thanks to finite traces: good old finite-state automata
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Vision realised!

LTLf NFA 
nondeterministic

DFA 
deterministic

LTLf2aut determin.

'

ltlf /ldl and automata

Key point
ltlf /ldlf formulas can be translated into equivalent nfa:

t |= Ï i� t œ L(AÏ)
Costs:

• ltlf /ldlf to nfa (exponential)
• nfa to dfa (exponential)

Observe: often nfa/dfa corresponding to ltlf /ldlf are in fact small!

We can compile reasoning into automata based procedures!

Giuseppe De Giacomo (Sapienza) Reasoning and Planning for ltlf /ldlf goals CILC 2018 – Sept. 21, 2018 18 / 59

Thanks to finite traces: good old finite-state automata



(Anticipatory) conformance monitoring

t
evolving trace

specification

Monitor

continuous feedback
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possible

• Complementary to predictive monitoring!



(Anticipatory) conformance monitoring

Track a running process execution to check conformance with properties of 
interest

• Goal: Detect and report fine-grained feedback and deviations also 

considering the possible future continuations

• Complementary to predictive monitoring!

t

Monitor…

…

…

…
…

…
…

evolving trace

specification

continuous feedback



Fine-grained feedback

Refined analysis of the “truth value” of a 
property

• looking into (all) possible futures 



Fine-grained feedback

Refined analysis of the “truth value” of a 
property

• looking into (all) possible futures 

Consider a partial trace t, and an LTLf formula …φ
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t

…
…

 satisfied?φ
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RV-LTL(f) truth values
[BauerEtAl,InfCom2010] [___,BPM2011] [___,TOSEM2022]

 permanently violated by t 

• t violates  
• no matter how t continues,  stays violated


 currently violated by t 

• t violates  
• there is a continuation of t that satisfies  

φ
φ

φ

φ
φ

φ

…
…

…
…
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permanently violated
requires  
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trace 2

!



Fully implemented in the RuM toolkit
rulemining.org0:28 G. De Giacomo et al.

Fig. 10: Screenshot of one of the LDL MONITOR clients.

adopted by the IEEE task force on process mining. The response produced by the LDL
MONITOR provider is composed of two parts. The first part contains the temporal infor-
mation related to the evolution of each monitored business constraint from the begin-
ning of the trace up to now. At each time point, a constraint can be in one state, which
models whether it is currently: (permanently) satisfied, i.e., the current execution trace
complies with the constraint; possibly satisfied, i.e., the current execution trace is com-
pliant with the constraint, but it is possible to violate it in the future; (permanently)
violated, i.e., the process instance is not compliant with the constraint; possibly vi-
olated, i.e., the current execution trace is not compliant with the constraint, but it is
possible to satisfy it by generating some sequence of events. This state-based evolution
is encapsulated in a fluent model which obeys to the schema sketched in Figure 9. A
fluent model aggregates fluents groups, containing sets of correlated fluents. Each flu-
ent models a multi-state property that changes over time. In our setting, fluent names
refer to the constraints of the reference model. The fact that the constraint was in a
certain state along a (maximal) time interval is modeled by associating a closed MVI
(Maximal Validity Interval) to that state. MVIs are characterized by their starting and
ending timestamps. Current states are associate to open MVIs, which have an initial
fixed timestamp but an end that will be bounded to a currently unknown future value.

7.4. LDL Monitor Client

We have developed two LDL MONITOR clients, in order to deal with different settings:
(a) replay of a process instance starting from a complete event log, and (b) acquisition
of events from an information system. The first client is mainly used for testing and
experimentation. The second client requires a connection to some information system,
e.g., a workflow management system. The two clients differ on how the user is going

ACM Transactions on Software Engineering and Methodology, Vol. 0, No. 0, Article 0, Publication date: 0.

http://rulemining.org
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Current developments
Data-awareness on events payload  
[___,AAAI2022][___,AAAI2023][___,AAAI2024]

Data-LTLf: constrain the evolution of data variables over time  
                   (modulo theories)

activity 
x 
y

a       b       c       a        d       b       
0       1       4       5        6        6 
0       3       3       4       -4      -5

G(x′￼ > x) ∧ F(x = 2)

current state

x x’



Current developments
Data-awareness on multiple objects and relations  
[___,DL2017][___,BPM2019][___,IJCAI2022]

FO-LTLf and temporal description logics to constrain events and 
objects over time (temporal constraints over data models)

o1:Order

i1: Item

i2: Item

o2:Order

create 

order

add 

item

add 

item

validate 

item

move 

item

target target target to target to

contains

contains

target target

from

to

contains

validate

tem

target

contains

confirm

order

contains

target

contains

delete

order

target

contains

create 

order

contains contains

contains

contains contains contains



Current developments
Uncertainty

close 
order

1..1
accept

refuse

{0.8}

{0.3}

{0.9}

In the specification

In the event data

probabilistic LTLf/Declare 
[___,AAAI2020] 

[___,BPM2020][___,IS2022]

probabilistic events 
[___,BPM2022][___,EAAI2023]

5 9

accept order reject order

0.7 0.3

LTLf over fuzzy event logs 
[___,BPM2024]

Time:10

Activities:

cooking

working



Current developments
Conversational systems for declarative process mining [___,BPMDemo2023]



Learning, explainability, reasoning - combined
Counterfactual generation for explainability under temporal logical 
guarantees [____,AAAI2025]

Starting point 
• Counterfactual explanations - key XAI technique (e.g., to suggest changes to 

input data that could alter predictions towards better outcome)

• Input data in process science: execution traces (discrete time sequences) 

Observation: in a process, not all traces make sense 

• Temporal constraints as background knowledge that separates the possible 

from the impossible


Result: genetic algorithms for counterfactual trace generation infused with 
temporal reasoning to ensure that only conforming traces can be proposed
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automata to the rescue



Conclusions

Connection between AI and process science 

Synergy between model-driven and data-driven techniques 
for the analysis of system dynamics 

The case of declarative processes: temporal logics and 
automated reasoning to the rescue


