Applying Organizational Mining to
Discover Agent Systems from Event Data

Qingtan Shen', Artem Polyvyanyy', Nir Lipovetzky', and
Timotheus Kampik?>?

'The University of Melbourne, Victoria 3010, Australia
2SAP, Germany
3Ume4 University, Sweden

Tuesday 23" December, 2025

Abstract

Agent system mining is a recently introduced type of process mining that takes a
bottom-up approach to the data-driven analysis of socio-technical systems that execute
business processes in organizations. Instead of the top-down approach used in conven-
tional process mining that studies a system in terms of its global state evolution, agent
system mining analyzes the system as if it is composed of autonomous agents, each with
its local state and behavior, interacting with other agents and the environment to contribute
to the emerging global behavior of the business process. Recently, Agent Miner, the first
algorithm for discovering agent systems from event data generated by process-aware infor-
mation systems, has been proposed. The quality of the agent systems discovered by this
algorithm depends on the quality of the agent types (or agents), which are identified from
the available information about agent instances in the data. In this paper, we study the suit-
ability and benefits of using methods from the organizational mining subarea of process
mining for identifying agent types. The experiments we conduct over real-world datasets
confirm the usefulness of such methods for discovering simple, modular, and accurate agent
systems. These conclusions are grounded in quality metrics such as the size of discovered
models (simplicity), Louvain modularity and the Gini coefficient (modularity), and preci-
sion and recall (accuracy). The results confirm the benefits of using organizational mining
for identifying agent types when discovering agent systems from event data, leading to the
construction of models of superior quality in precision, recall, and simplicity compared to
models constructed by state-of-the-art conventional process discovery algorithms.
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1 Introduction
Process mining analyzes event data generated by organizational processes and recorded

by information systems to improve future processes [43]. Depending on the per-
spective taken on system behavior, process mining techniques can be divided into



three main categories: activity-oriented, product-oriented, and agent-oriented tech-
niques [18]. Agent system mining is a type of agent-oriented process mining that
follows a bottom-up approach for process analysis [39]. In this approach, the sys-
tems that generate the process data are assumed to be composed of autonomous agents
interacting with each other and the environment to achieve their own and the organi-
zations’ goals; that is, they are agent-based systems. The processes that are the focus
of conventional process mining analysis are then accepted as the result of the emerg-
ing behavior of the agent-based systems. Agent system mining involves expanding the
analysis focus of process mining beyond the processes themselves to include the par-
ticipants’ local processes and their interactions. The goal is to gain a comprehensive
understanding of the components and principles governing the dynamics of the system
to improve its future operations and process outcomes. Conceptually, one may argue
that agent system mining is of interest to researchers and practitioners for two rea-
sons: i) it bridges process mining and artificial intelligence research, considering that
the latter is commonly defined as “the study of agents that receive percepts from the
environment and perform actions” [29, p. viii]; ii) it reconciles analyses of micro-level
behaviors of agents with macro-level process dynamics. Thus, it acknowledges that the
notion of a process is, from the agent-oriented perspective, an artificial abstraction used
to govern and analyze socio-technical systems that allow for substantial autonomy of
(human or software) subsystems.

Agent Miner [40] is an algorithm for discovering models of agents and their in-
teractions from event data generated by agent-based systems. In process mining, event
data is usually given as an event log, a collection of recorded events, each characterized
by a case identifier, timestamp, and activity. Events that refer to the same case stem
from the same process instance, for example, a process of handling one patient at a
hospital. The timestamp indicates the time at which the event has occurred. Finally, the
activity attribute specifies the activity that triggered the event. Agent Miner requires
that, in addition to the three standard attributes, each event specifies the agent, or agent
instance, which is an entity, e.g., a person or a system component, that executed the
activity that triggered the event. While each event originates from a single agent in-
stance, the overall behaviour of that agent can be captured as all ordered sequences
of the activities it performs over time. This agent-related information is available in
most real-world event logs, though it may be recorded under different event attributes,
such as resource or resource ID. All ten real-world event logs used in our experiments
include this information, making them suitable for our analysis.

Agent type identification is a key step in the Agent Miner algorithm. An event
log can contain information on multiple agent instances executing various activities.
These agent instances often perform similar tasks to support the high volume of pro-
cess cases. For example, it is common for multiple employees to handle customers’
queries while other employees focus on issue resolution. If one can identify these dif-
ferent types of agents effectively, that information can be used to create accurate agent
models and their composition into a system that is faithful to the corresponding real
system. Consequently, the problem of agent type identification studies ways to use
event logs to infer groups of agent instances that perform similar process activities that
lead to the construction of agent-based systems that accurately represent the system
that generated the data. Agent-based models can also be used in process simulation to



generate synthetic event data that reflects the behavior of the original system [36]. To
this end, the use of multi-agent system (MAS) models generated from agent system
mining for simulation has been proposed in the MAS modeling and simulation life-
cycle [39]. Accordingly, Petri net-based MAS models generated by Agent Miner can
be directly applied to agent-based simulation tasks, further demonstrating its practical
value [19].

In this work, we study the benefits of using organizational mining techniques for
solving the problem of agent type identification. Organizational mining is a branch of
process mining that studies techniques to discover organizational models, roles, and
social networks from event data and how these artifacts can be used to improve the
processes [5, 27, 35]. The discovery of organizational knowledge supports the under-
standing of organizational structures, which can be used to improve information flows
between the process participants.

We review state-of-the-art approaches to organizational mining as a foundation for
developing agent type identification techniques. Based on this review, we identify three
approaches that can be applied directly or serve as a basis for designing agent type
identification techniques. These three approaches are Comprehensive Workflow Min-
ing (CWM) [27], the Activity Matrix (AMatrix) method [35], and the Business Models
Enhancement (BME) approach [5]. The detailed review process and the explanation
of how these three approaches were identified are presented in Through
extensive experiments over industrial event logs, we conclude that agent type identi-
fication techniques grounded in organizational mining methods substantially improve
the diversity of models discovered by Agent Miner in terms of accuracy (precision and
recall) and simplicity (model size) characteristics. Notably, the discovered agent-based
models are often comparable with process models constructed by the state-of-the-art
conventional process discovery algorithms in terms of accuracy and simplicity. More-
over, in some situations, they can outperform the discovered process models in both
accuracy and simplicity simultaneously.

Specifically, we make the following contributions:

1. We review existing organizational mining methods and identify three methods, CWM,
AMatrix, and BME, that can be reused to perform agent type identification.

2. We use existing organizational mining methods to support the inference of agent
types from event data. While AMatrix and BME can be used off-the-shelf, we show
how to use the ideas from CWM for our specific purpose in the approach we refer to
as Dominant Cluster Grouping (DCG).

3. We evaluate the quality of agent-based models discovered by the native approach of
Agent Miner and three new agent type identification methods, and confirm the use-
fulness of the newly proposed organizational mining methods. To this end, we assess
traditional quality criteria, i.e., precision, recall, and size, as well as the modularity
criterion pertinent to agent models, i.e., Louvain modularity and the Gini coefficient.

4. We demonstrate that discovered models often outperform process models discov-
ered by the state-of-the-art process discovery algorithms in precision, recall, or sim-
plicity and, remarkably, can outperform discovered process models in all these qual-
ities simultaneously.

5. We assess the accuracy of the agent types inferred by the presented agent type iden-



tification techniques using synthetic event logs obtained by simulating MAS models
with established ground truth agent types. The findings suggest that the AMatrix
approach yields the highest accuracy.

The next section provides background knowledge on process mining and agent system
mining. In Section 3, we introduce and motivate the problem of agent type identifi-
cation through an illustrative example. details four agent type identification
techniques: the one currently employed by Agent Miner and three new approaches
adapted from reviewed organizational mining techniques. Section 5|presents the eval-
uation results for all the techniques, highlighting those that lead to the discovery of
simple and accurate models, and discusses potential threats to the validity of these
findings. Finally, Section 6 offers concluding remarks and outlines future directions.

2 Background

This section gives background knowledge on process mining and agent system mining.

2.1 Process Mining

Process mining studies ways to discover, monitor, and enhance real-world processes
by extracting knowledge from event logs generated by information systems [42]. Pro-
cess discovery, a key subarea of process mining, aims to construct process models
from event logs automatically. These constructed models can be utilized to visualize,
analyze, and optimize real-world processes. Over the past two decades, numerous pro-
cess discovery techniques have been proposed. Earlier process discovery techniques
include a-miner and heuristic miner. The Alpha Miner [45] algorithm constructs Petri
nets from event logs, while Heuristic Miner [47] generates heuristic nets comprising
causal relations with frequency annotations. Heuristic Miner, and later introduced tech-
niques like Fuzzy Miner [17] and Genetic Miner [11], are effective in handling noise
and incompleteness of event logs when constructing process models. Finally, Induc-
tive Miner (IM) [20], one of the state-of-the-art process discovery techniques [43],
constructs a block-structured process model, captured as a process tree, that is both
correct, in terms of soundness [41], and accurately describes the system that generated
the input event log. IM employs a divide-and-conquer strategy to recursively identify
model constructs and refine them into a resulting process model, but it relies on a noise
threshold to filter infrequent behavior. Different process discovery algorithms gener-
ate process models expressed through different syntaxes, but they are often mapped to
Petri nets to explain their formal semantics. Figure 1|illustrates an example of a pro-
cess model, captured as a Petri net, discovered by IM from the BPIC 2014 (incident
details event log. This event log contains records on incidents tracked at Rabobank
Group ICT.

The widely used criteria for assessing the quality of process models discovered
from an event log are precision, recall, and simplicity [4, 37]. Precision and recall

IBPIC 2014 (incident details) is one of many industrial event logs made publicly available by the IEEE
Task Force on Process Mining as part of the yearly Business Process Intelligence Challenge (BPIC) contest.
It can be downloaded via https://doi.org/10.4121/uuid:3cfa2260-f5c5-44be-afe1-b70d35288d6d.
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Figure 1: The process model captured as a Petri net discovered by Inductive Miner
from the BPIC 2014 (incident details) event log using a noise threshold of 0.26. The
model has precision of 0.33, recall of 0.55, and size of 322.

compare a given event log and process model based on traces they describe. Each case
identifier in an event log induces a trace as the sequence of activities that relate to all
the events that refer to that case identifier, ordered by the timestamps of the events.
A trace of a process model is a sequence of activities that can be executed according
to the semantics of the model. A model with good precision does not describe many
traces not included in the event log, while a model with good recall describes many
traces recorded in the event log. Precision and recall measurements usually take values
between zero and one, inclusive, with larger values denoting better models. Finally, a
model that is easy to understand and analyze, for example, because it avoids redundant
activities and intricate control flow constructs, is considered to be simple.

To measure the simplicity of a process model, in this work, we use its size, that is,
the number of nodes and edges in the model, with models of smaller sizes considered to
be simpler. To quantify precision and recall, we use the Entropia tool [24] to compute
entropy-based measures [25]. The entropy-based measures of precision and recall are
the only measures reported by Syring et al. [37] that fulfill all the properties put forward
by the process mining community for measures that assess these quality criteria of
discovered models. For example, one of these properties ensures that for two process
models and one event log, if the first model describes all the traces in the event log and
the traces described by this model are all described by the second model, then the first
model should have a precision score with respect to the event log that is at least as high



as the precision score of the second model with respect to this event log Intuitively,
the fact that we use entropy-based precision and recall measures ensures that better
precision and recall measurements we report correspond to better process models, that
is, models that describe the system that generated the event log more faithfully. The
Petri net model in Fig. 1 has the entropy-based precision and recall with respect to the
event log it was constructed from of 0.33 and 0.55, respectively, and is composed of
322 nodes (places and transitions) and edges.

2.2 Agent System Mining

MAS:s are widely studied in different disciplines, including computer science and civil
engineering [13]. Agents in MASs are typically characterized by three core features:
sociability, autonomy, and proactivity [13]. Sociability refers to the agent’s ability to
communicate and interact with other agents, enabling knowledge sharing and infor-
mation requests that support their goal achievements. Autonomy refers to an agent’s
ability to make decisions and take corresponding actions independently. Finally, proac-
tivity refers to an agent’s ability to pursue goals and perform actions without being
triggered by external events.

An MAS consists of multiple agents that interact to achieve shared objectives.
MAS:s are often characterized by self-organization, which refers to the ability of agents
to autonomously coordinate and operate based on contextual local interactions, without
the need for centralized control [33]. Emergence refers to the formation of coherent
behavioral patterns that arise during the process of self-organization in complex sys-
tems. In MASs, macro-level emergent phenomena are system-level behaviors that arise
from the interactions of agents and cannot be inferred by analyzing individual agents
in isolation [33]. MAS design methodologies typically follow either a top-down or a
bottom-up approach [9]. The top-down approach begins with specifying the global sys-
tem state and assuming that each component has knowledge of the overall system state.
Conversely, the bottom-up approach starts with specifying requirements and capabil-
ities of individual components, from which global system behavior emerges through
interactions among agents and their environment.

Business processes where agents act autonomously while collaborating to fulfill
organizational goals can be effectively modeled as MASs. Agent-Based Modeling
(ABM) is a method used to represent organizations as systems of autonomous, in-
teracting agents [22]. Unlike traditional process discovery techniques, which focus on
constructing process models, agent system mining integrates ABM with process min-
ing to automatically construct MAS models from event data [39]. A recent systematic
literature review studies the role of process mining in agent-based modeling and simu-
lation [2], providing further insights for developing agent system mining.

A MAS is often captured using two types of models: agent models and an (agent)
interaction model. Agent models describe the behaviors of individual agents, while
the interaction model captures patterns of communication and collaboration among
agents. Agent system mining provides at least the following three benefits compared to

2This property of a precision measure is axiom A2 presented by Tax et al. [38] and a partial case of
property PrecProl™ proposed by van der Aalst [44].
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Figure 2: (a) The interaction model and (b) MAS model discovered by Agent Miner
from the BPIC 2014 (incident details) event log using the activity frequency filter of
0.1, level of details threshold for the interaction model of 0.9, and the BME agent type
identification technique. The MAS model has precision of 0.40, recall of 0.71, and size
of 166; both models are captured as Petri nets.

classical process discovery methods [39]. First, it analyzes both the behavior of process
participants and their interactions, ensuring that related activities performed by the
same agent are grouped within the model (Fig. [2b). Second, as the volume of available
event data increases, MAS models that aim to describe this data do not necessarily
grow in size [48]. This allows for simple yet accurate representations of complex
processes, providing clear scopes of operation for process participants and emphasizing
their interaction patterns. Furthermore, analyzing agent interaction models can uncover
macro-level agent type interaction patterns. These patterns can subsequently inform the
design of MAS models and be incorporated into agent-based simulation techniques to
more accurately reflect the dynamics of real-world systems.

Tour et al. [40] introduced Agent Miner (AM), the first divide-and-conquer algo-
rithm within the process-aware information systems domain, designed to automatically
discover MAS models from event data, following the bottom-up MAS design method-
ology. AM applies an agent type identification technique to group information on agent
instances occurring in event data into agent types. For each identified agent type, an
agent model is constructed to represent the behavior of agents that belong to that type.
Additionally, an interaction model is derived to capture the communication patterns
among agents of various types. Finally, the MAS model is constructed by integrating
the discovered agent models with the interaction model. Building on these advance-
ments, agent system mining has found applications in business process simulation. For
example, AgentSimulator [19] adopts a resource-first approach, leveraging ABM to
uncover agent behaviors and interaction patterns from event data. This information is



used to simulate future process executions, offering insights for process optimization.

Figure 2ajand Fig. 2b show the interaction model and the MAS model, respectively,
discovered by AM from the BPIC 2014 (incident details) event log. Both models are
represented as Petri nets. The interaction model depicts how the three identified agent
types coordinate their work within the process. The process begins with an agent of
type Al performing initial work. At this point, the process may either terminate or
proceed with an agent of type A2 or A3 performing work, followed by more work by
an agent of type Al. This behavior can repeat multiple times, as needed, with the
process either terminating or continuing with further work by an agent of type A2 or
A3, followed by activities carried out by an agent of type A1. The MAS model builds
upon the interaction model by refining its transitions to incorporate the corresponding
agent models. This refinement operation is formalized by Polyvyanyy et al. [23], re-
fer to Definition 7. It ensures that if the agent models and the interaction model are
sound free-choice workflow nets, then the resulting MAS model is a sound workflow
net [41] The agent and interaction models constructed by AM are sound free-choice
workflow nets. Hence, MAS models constructed by AM are sound. Although the
models of individual agents are not explicitly presented, they can be extracted from
the MAS model using the interaction model and (the inverse of) the refinement opera-
tion. To facilitate this extraction, transitions in the MAS model are labeled with both
activity names and the agent types responsible for performing them. As shown in the
figure, agents of types A2 and A3 perform a single activity each time they engage in
the process, whereas agents of type A1 are responsible for five activities. This labeling
approach ensures clear traceability of responsibilities within the MAS model.

In terms of core agent characteristics, the constructed MAS model captures so-
ciability through the representation of interactions between agents in the interaction
model. Each agent also captures a degree of autonomy, as its decision-making is guided
by the direct transitions defined in its agent type model. The agents can exhibit proac-
tivity by executing the enabled transitions in their agent nets. The agents self-organize
via interactions, modeled as token flow between different agent nets, while the emer-
gent behavior can be induced by simulating the MAS model.

The use of Petri nets for constructing MAS models provides several advantages.
Petri nets provide a solid mathematical foundation and are well-suited for representing
concurrent behaviors of agents engaged in interactions [46]. In addition, Petri nets pro-
vide an interpretable visualization of agent behaviors, supporting visual explanations
during process simulation. The limitations of Petri net-based MAS models can be ad-
dressed in future work by using declarative process mining to discover rules, norms,
and goals of agents, enhancing the model’s ability to support system-level dynamics.

The MAS model in Fig. 2b|achieves entropy-based precision and recall of 0.40 and
0.71, respectively, and consists of 166 nodes and edgesm This confirms that AM can

3A workflow net has a single input place without incoming edges and a single output place without
outgoing edges, and each place and transition of the net is on a directed walk from the input place to the
output place. A workflow net is sound if every its execution can be extended to eventually put a token in the
output place, and once a token is deposited in the output place, there are no tokens elsewhere in the net, and
every transition can participate in some execution of the net. Note that nets in[Figs. 1}[2aland|2b]are sound
workflow nets.

4MAS models explicitly represent information about agents performing activities, enabling the use of this



discover MAS models that are both smaller and more accurate than process models
produced by conventional process discovery algorithms. As conventional discovery
algorithms do not use information on agents triggering events, transitions in the Petri
net in[Fig. 1 are labeled solely with activity names. The color coding from [Fig. 2|is
applied in|Fig. 1|to map activities to the corresponding agent types. Notably, activities
of agent type Al are dispersed across the process model but are coherent in the MAS
model. Hence, the MAS model, in addition to the overall system, supports analysis
and improvement of the behaviors of individual process participants. Transitions with
the gray background in Fig. 1 refer to activities not present in the MAS model. This
omission occurs because AM focuses on capturing the behavioral patterns and interac-
tion logic of agents rather than every activity observed in the event log. Some activities
lack the regularity required to form consistent behavioral patterns and are therefore ex-
cluded from the MAS model. By filtering out these activities, the MAS model offers a
more precise representation of the agents’ behaviors and their interactions.

This example highlights the significance of different paradigms in process mining.
Viewing event data through an agent-based lens reveals a simple interaction model
(Fig. 2a). Refining this model with individual agents’ behaviors results in a more ac-
curate and compact representation (Fig. 2b)) than the conventional imperative process
models (Fig. 1). Although further semantic-preserving simplifications of the nets in
are possible, in this work, we retain them as produced by the original Agent
Miner [40] algorithm, leaving such improvements for future work. While the behavior
of agent Al appears “tangled” in the MAS model (Fig. 2b), it ultimately encodes sim-
ple process constraints. Specifically, when agent A1 engages in a case, they begin by
executing one of the following activities: “Assignment” (A), “Open” (O), or “Closed”
(C). Thereafter, the agent can perform “Assignment”, “Closed”, “Status Change” (S),
and “Caused By CI” (X) any number of times with the following constraint on the or-
der of these activity occurrences. Agent Al cannot perform “Status Change” directly
after they perform the “Caused By CI” activity. This flexible behavior is well-suited
for representation using a declarative paradigm and can be expressed using the reg-
ular expression: (A|O|C)(A|C|X(?!S)|S)*. Therefore, agent-based models derived
from event data not only enhance the conventional approach to process mining but also
facilitate the advancement of multi-paradigm process mining.

3 Motivating Example

Different models of agent-based systems can be discovered using different agent types,
where each agent type represents a group of agent instances occurring in the event data.
In this section, we compare two models of an agent-based system constructed by AM
using two distinct sets of agent types. To construct these models, we use a small event
log comprising two traces over 96 events extracted from the publicly available BPIC
2015-1 event log. These 96 events refer to eight activities (7 to Tg) and six agent

information to compare event logs and MAS models. However, to support the comparison of MAS models
with process models discovered from the same event log, here we base the comparison between an event
log and a MAS model solely on traces defined as sequences of activities, either recorded in the event log or
described as possible executions of the MAS model.
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(C1,T1,9,R1) exs (C1,T6,25,Rp) eqr (C1,T4,41,R3) es7 (C1,T7,57,Re) e73 (C2,T6,73,R6) esg (Ca2,T7,89,Rq)
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Model I shown in is an MAS model constructed by AM based on three
agent types: A; = {R|,R3,Rs}, Ay = {R2,R¢}, and A3 = {R4}. These agent types
were identified using the native AM technique detailed in|Section 4.1, Model II shown
in is another MAS model discovered by AM using two agent types: A4 =
{R1,R3,R4,R5,Rs} and As = {R,}. These two agent types were identified with the help
of the BME approach from organizational mining detailed in In both
models, again, we label transitions using pairs of agent type and activity name.

Model I and Model II have precision of 0.21 and 0.29, respectively, while both
models have a recall of 0.99, where precision and recall are again measured using
the entropy-based approach that compares traces defined as sequences of activities.
Model I consists of 188 nodes and edges, whereas Model II has 165 nodes and edges.
These results highlight the importance of identifying proper agent types, as the choice
of agent types can lead to the discovery of a MAS model that not only describes the
system more accurately but is also more compact compared to a MAS model derived
from a different set of agent types.

As MAS models integrate multiple agent models into an overall system model, it is
interesting to compare them based on the qualities of their agent community structures
using modularity. We use Louvain modularity, a widely used method for quantifying
the modularity of networks. This measure evaluates the balance between the density
of links within communities and the links between communities [3]. Specifically, we
measure the modularity of communities formed by activities performed by the same
agent types, where links are defined as walks along the edges of the MAS model that do
not encounter other activities. Given that directed modularity can offer more accurate
insights in scenarios where links are inherently directed [14], as is the case here, we
compute both undirected and directed modularity values as follows:

1 kik
0= o Z (Wij - 2—m])5(ci,cj)’ M)

ij

5The motivating example event log can be downloaded from here: https://doi.org/10.26188/24718956.
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(a) Model I (precision: 0.21, recall: 0.99, size: 188, undirected modularity: 0.28, directed mod-
ularity: 0.37, Gini coefficient: 0.18)

(b) Model II (precision: 0.29, recall: 0.99, size: 165, undirected modularity: 0.26, directed
modularity: 0.22, Gini coefficient: 0.23)

Figure 3: Two MAS models constructed from the same input event log using agent
types identified by (a) the native Agent Miner approach and (b) the BME approach.

where W;; is the link weight between activity nodes i and j in the MAS model, such
that W;; = 1if alink exists and W;; = 0 otherwise, k; is the sum of link weights attached
to activity node i, m is the total weight of all links in the MAS model, ¢; is the agent
type associated with activity node 7, and 6(c;, ¢ ;) evaluates to one if ¢; and c; refer to the
same agent type and it evaluates to zero otherwise. Modularity values range between
—0.5 and 1, with larger values reflecting a stronger modular structure and more cohesive
groupings into communities. This suggests that agents interact more frequently within
their own groups than with agents outside, which is generally desirable for discovering
meaningful organizational structures in MASs. The time complexity for computing
both undirected and directed modularity is O(p), where p is the number of edges in
the MAS model, since each edge needs to be examined once to determine intra- and
inter-group connections.

To assess the differences in the distribution of activities among agent types, we use
the Gini coefficient [12]:

?:1 ZlJl':l |x; — xj|

2n iy Xi '

where x; is the number of activities in the MAS model performed by agent type i,
and n is the number of distinct agent types. Gini coefficient values range from zero to
one, with lower values indicating a more uniform distribution of activities among agent
types, i.e., a more balanced agent workload, which is generally desirable in MASs. In
contrast, higher values reflect a greater proportion of activities triggered by a few agent

G =

2)
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types, indicating potential workload imbalance. The time complexity for computing
the Gini coefficient is O(g), where ¢ is the number of transitions in the MAS model.

The undirected and directed modularity of Model I are 0.28 and 0.37, respectively,
while its Gini coefficient is 0.18. For Model II, the undirected and directed modularity
are 0.26 and 0.22, respectively, and the Gini coefficient is 0.23. Model I demonstrates
higher modularity than Model II and exhibits a closer-to-uniform distribution of ac-
tivities across agents. Interestingly, Model II provides a design in which one agent
subsumes the skills of another, enabling seamless replacement of the subsumed agent
while rendering the subsuming agent a critical, irreplaceable asset. In contrast, Model
I, despite some overlap in activities between agent types, promotes a more distinct
separation of skills, fostering the specialization of agents in different competencies.
This comparison highlights that models optimized for different criteria can offer dif-
ferent insights into system design. It also demonstrates that modularity can provide an
additional quality criterion for MAS models, which is a separate optimization target
together with precision, recall, and simplicity.

4 Agent Type Identification

This section presents four agent type identification techniques: the technique used in
Agent Miner (AM) and three techniques based on organizational mining methods. The
Activity Matrix (AMatrix) technique is reused without modifications. The Business
Model Enhancement (BME) technique is significantly extended with additional steps
to allow agent type identification. Finally, Dominant Cluster Grouping (DCQG) is a
new technique that only draws broad inspiration from the corresponding organizational
mining method. The input to these techniques is an event log, that is, a collection of
events, each with four attributes of case identifier, timestamp, activity, and agent, where
case identifiers allow grouping the events into traces, each a sequence of activities
induced by the total order imposed by the timestamps of the events, and the agent
attributes referring to the instances of agents that performed the activities. The output
is a set of disjoint agent types, with each type comprising one or more agent instances.

4.1 Agent Miner

The AM algorithm for discovering agent systems from event data incorporates a tech-
nique for agent type identification [40]. This technique groups agent instances into
agent types by analyzing the similarities between directly-follows graphs (DFGs) that
describe their behavior. In a DFG, nodes refer to activities that the agent instance
performed in the event log, and arcs encode the directly-follows relation between the
activities; that is, the target activity of an arc can directly follow the source activity in
some sequence of activities executed by the agent instance, again, as evidenced in the
event log. First, for each agent instance, a DFG is constructed. Then, the distance be-
tween each pair of DFGs is measured as 1 — (|R; N Ry|)/min(|R,],|Rz]), where R; and
R, are the directly-follows relations of the two DFGs. Finally, if the distance between
the DFGs is smaller than or equal to a given threshold 7, the instances are grouped in a

type.
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Figure 4: DFGs describing the behavior of six agent instances from the motivating
example event log. T; are activities and i/o are input/output nodes of the graph.

Consider the motivating example event log from Section 3 and a threshold 7 = 0.4.
shows six DFGs, each constructed from the sequences of activities performed
by a single agent instance, excluding intermediate activities executed by other agent
instances. The DFG of R; in[Fig. 4a has eight arcs, while the DFG of R in Fig. 4c has
five arcs. These DFGs share three arcs: (i,7,), (T;,T;), and (T,0), where i and o are
the input and output nodes of the DFGs, respectively. Hence, the distance between the
DFGs of Ry and Rz is 1 — 3/min(5, 8) = 0.4. Thus, they are grouped in the same agent
type. DFGs of R, and R3 do not share arcs. Hence, the distance between them is equal
to one, suggesting they should belong to different agent types.

The AM technique identifies three agent types in the example log: A; = {R|,R3,Rs},
A; = {Ry,Rg}, and Az = {R4}. Using these three agent types, the AM algorithm con-
structs the MAS model in Fig. 3a.

4.2 Techniques Grounded in Organizational Mining

This section reviews existing organizational mining approaches and adapts three suit-
able approaches for the task of agent type identification.

4.2.1 Suitability of Organizational Mining for Agent Type Identification

A technique for agent type identification should meet three requirements. First, it
should be able to group the information about agent instances found in the event log
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based on shared characteristics, that is, to perform clustering over agent instances@
Second, the input to such a technique should be an event log, that is, the input event log
should contain all the necessary information for the technique to operate effectively.
Third, it should ensure that, given an event log, its output relates information on a par-
ticular agent instance with at most one agent type. The latter is the requirement of AM.
Though this requirement can be lifted by defining a dedicated agent type for agent in-
stances belonging to multiple groups, further research is needed to explore why certain
organizational mining techniques avoid this simplification and how complex depen-
dencies between agent types impact agent system mining.

We now examine state-of-the-art approaches in organizational mining to evaluate
their potential for reuse in agent type identification. provides a summary of
how these approaches satisfy the three discussed requirements.

Table 1: Organizational mining techniques and agent type identification requirements;
“v”’—requirement satisfied, “x”—requirement not satisfied.

Paper references Clustering Input Output
[6,30-32] v x »
[1,7,18.128] X v X
[49] v v X
[5,27,35] v v Vv

Schonig et al. [30] use Declarative Process Intermediate Language (DPIL) to dis-
cover resource-aware, declarative process models. In an extension of their work, event
log pre-processing and model post-processing are applied when discovering resource-
aware models [32]. They also combine the DPIL mining framework and organizational
rule templates to discover team compositions from logs [31]. In the RALph miner [6],
SQL-based technologies and declarative languages are applied to address resource min-
ing and model checking tasks. The techniques presented in these works can be applied
to cluster resources according to their roles. However, their inputs contain organiza-
tional background knowledge that is often not available in an event log. Although some
resource assignment rules that integrate both the control-flow and organizational per-
spectives can be extracted as outputs, these techniques do not ensure that a single agent
instance is assigned to exactly one constructed group.

The technique by Rozinat et al. [28] discovers a colored Petri net that captures a
business process from multiple perspectives. Carrera and Jung [7] use Hidden Markov
Model (HMM) to construct a probabilistic process model that optimizes resource al-
location. They also use HMMs to discover the information diffusion knowledge in
processes [8]. The contribution by Alvarez et al. [1] is to apply process discovery over
the resource attributes of events to obtain the interactions between resources in a hospi-
tal system. These techniques optimize resource allocation, discover multi-perspective
processes, and identify information flows but do not group agent instances into types.

SIn the organizational mining literature, agent instances and types are typically referred to as resources
and roles, respectively. We use resources and roles when surveying these works but use the agent-oriented
terms elsewhere.
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While the inputs required for these techniques can be derived from the event log, their
outputs do not provide information on the clustering of agent instances.

The OrdinoR technique by Yang et al. [49] supports the discovery of organizational
models from event logs. Unlike other techniques that identify information on agent
instances or resources based on activity attributes of events, OrdinoR groups agent
instances based on values of multiple attributes. Such attributes are obtained from the
input event log. However, when considering the output of this technique, a single agent
instance may belong to multiple constructed groups.

The works by Burattin et al. [5], Rembert [27], Song and van der Aalst [35] describe
clustering techniques. Comprehensive Workflow Mining (CWM) [27] and Activity
Matrix (AMatrix) [35] approaches group information on agent instances based on ac-
tivity and resource attributes of events. The Business Models Enhancement (BME) [5]
approach groups activities in a process model under different roles, that is, types of
agents that perform them. All the inputs of these approaches can be inferred from the
input event log. In addition, the outputs of these approaches satisfy the requirement
that the constructed groups are disjoint. Therefore, CWM, AMatrix, and BME meth-
ods meet all three requirements and can be reused, with necessary adaptations, in AM
for agent type identification.

4.2.2 Dominant Cluster Grouping

In the work on comprehensive workflow mining, Rembert [27] introduces an approach
for grouping agent instances based on the common activities they perform. Building on
this idea, we propose the DCG technique for agent type identification, described in|Al-
This technique takes as input an event log L over m activities, {T1,..., Ty},
and n agent instances, {Ry,...,R,}, and a threshold ¢ € [0, 1]. It outputs the set of
identified agent types AT, where each type in AT is defined as a set of agent instances.

In the algorithm, Num(T, L) denotes the number of times activity T is executed
in event log L, while Num(R, T, L) represents the number of times agent instance R
executed activity T in event log L. Let x = (U,V) be a pair where U is a set of
agent instances and V is a set of activities. The functions Rs(x) and Ts(x) return
the sets of agent instances and activities associated with x, respectively; specifically,
Rs(x) = U and Ts(x) = V. Given a threshold ¢, Algorithm 1) in [Algorithm 1] con-
struct the sets F and S. Set F contains agent instances that perform a significant
share of all executions for at least one activity, while set S consists of pairs relat-
ing these agent instances to the activities they frequently execute. For the example
event log and a threshold + = 0.2, it holds that F = {R,Ry,R4,R5,R¢} and § =
{{R} AT D, (R} AT2D, (R} AT3D, (R2} AT4D), (R} ATsH, (Ra}, {T6}), ({Ra} AT7)),
({Rs} . {T1}), ({Rs} . {Ts}), ({Re} . {T's}), ({Re} . {T6 D)}

The repeat loop at/Algorithm 1|iteratively merges the pairs in S that share common
agent instances or activities. The resulting aggregated pairs represent sets of agent in-
stances associated with the activities they can perform. After the loop completes, the set
§ for the example log is {({R1,Rs} .{T'1,T2,T3,Ts}) ,({R2, Re} . {T4, T, T6}) , (R4} . {T7 1)}

The for loop at|Algorithm 1 checks whether the agent instances not included in
S, that is, infrequently observed agent instances in L, should be merged with some
of the so far constructed pairs in §. For each such infrequent agent instance Ry, see
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Algorithm 1: DCG(L, 1)

Input: Event log L over m activities {T1,...,T,,} and n agent instances {Rj,...,R,}, and threshold
te[0,1]
Output: Set of agent types AT
1 AT <0
2 F « {R; | Num(R;, T, L)/Num(T;,L) > t,i € [1..n], j € [1..m]}
3 S —{({R}AT;) | Num(R;, T, L)/Num(T;, L) > t,i € [1..n], j € [1..m]}
4 repeat until S does not change in the last iteration
s for two distinct pairs x and x’" in S do
6 if Rs(x) N Rs(x") # 0 or Ts(x) N Ts(x") # O then
7 S — (S \ {x,x'}) U{(Rs(x) URs(x"), Ts(x) U Ts(x"))}
8 forke[l..n]do
9 if Ry ¢ F then
10 mf < maxyes Yrerscx) Num(Ry, T, L)
11 if mf > 0 then
12 Y« argmax,cg Yrers(x) Num(Ry, T, L)
13 S (S \ y) ULRs() U {Re), Ts))
14 else
15 AT « AT U {{Ry}}

16 for xin S do AT «— AT U {Rs(x)}
17 return AT

Algorithm 1| the algorithm identifies a pair y in S, refer to|Algorithm 1| for which Ry,
according to L, has performed the largest number of activities from Ts(y). If for this
pair y it holds that R has performed in L at least one activity in T's(y) at least once,
see then Ry is merged with y, see Otherwise, Ry defines

its own agent type, refer to |Algorithm 1} This way, an agent instance that does not
perform many activities is grouped with agent instances that perform similar activities.

In the example log, the only infrequently occurring agent instance is R3. Hence, the
guard of the if statement at evaluates to true only once, when k equals
three. Subsequently, R3 is merged with the pair ({R,Rs},{T1,712,T5,Ts}) in S, as R3
has executed activities in {T|,T»,T3,Tg} three times in L, which is the largest number
of activity executions among all the pairs in S.

Once the for loop at|Algorithm 1 completes, the sets of agent instances from all
pairs in S are accepted as the resulting agent types, see Algorithm 1| Thus, the DCG
algorithm identifies three agent types in the example log: {R,R3, Rs}, {R2,Rs}, and {R4}.
Notably, for this event log, DCG identifies the same agent types as the AM technique.

4.2.3 Activity Matrix

Song and van der Aalst [35] introduced the AMatrix approach for clustering agent
instances based on the similarity of activities they perform. This technique can be di-
rectly applied to identify agent types in an event log. First, the approach constructs an
activity matrix that summarizes the frequencies of activity executions by each agent in-
stance. | Table 2|shows the activity matrix constructed for the motivating example event
log. For instance, the matrix shows that agent R has executed activity 7'} twenty times.
Next, the Pearson correlation coefficient is computed over the activity frequencies for
each pair of agents. The stronger the correlation, the more similar the agents. Then,
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m20 2 2 1 0 0 0 0 ’ R Rs ‘
R 0 0 0 9 12 1 0 0

B 3 0 0 1 0 0 0 0 0.98

R 6 0 0 0 0 0 13 0

R 11 0 0 0O 0 0 O 1 ’ Rs ‘ ’ Ry ‘
R 1 0 0 0 11 2 0 0

Table 2: An activity matrix. Figure 5: A correlation graph.

a threshold ¢ € [0, 1], which represents the minimum acceptable correlation strength,
is used to filter out pairs of insufficiently similar agent instances. For example, the
correlation coefficient between K| = [20,2,2,1,0,0,0,0] and R; = [3,0,0,1,0,0,0,0]
is 0.94. If t = 0.9, R; and R; belong to the same agent type, as 0.94 exceeds the
threshold. [Figure 5 illustrates the six agent instances and their strong correlation re-
lationships, where unconnected pairs have correlation coefficients below 0.9. Finally,
each connected component in the correlation graph represents a distinct agent type,
grouping agents that execute similar activities with similar frequencies.

Applying the presented principles to the example event log, using a threshold ¢ =
0.9, the AMatrix technique identifies four agent types: {R}, R3, Rs}, {R»}, {R4}, and {Rg}.

4.2.4 Business Models Enhancement

Burattin et al. [5] describe the BME approach for partitioning activities in a process
model into agent types responsible for executing these activities. To enable the iden-
tification of agent types in an input event log, we introduce two additional steps to
complement the original approach. First, we apply Heuristic Miner [47] with a thresh-
old #; € [0, 1] to discover a process model, specifically a DFG, from the input event
log The discovered model serves as input to BME. For instance, the DFG discovered
for #; = 0.6 from the example event log from Section 3 is shown in|Fig. 6| Then, we
extend BME and post-process the identified agent types to consolidate the results.

The BME approach proceeds in two phases. In the first phase, each edge in the
DFG model is assigned a weight representing the frequency of handovers from the
agent and activity of the source of the edge to the target agent and activity. For example,
consider the edge between 7’| and T,. To calculate its weight, we collect consecutive
event pairs belonging to the same case such that the first event triggered 7 and the
subsequent event triggered 7. The total number of such event pairs is denoted as n;.
In the example event log, there are two such event pairs: (e4,es) and (eg1,¢¢2). Hence,
it holds that n; = 2. Next, the agent pairs triggering these event pairs are recorded,
yielding (R, R;) for both pairs. The number of event pairs triggered by the same agent
is denoted by n;. In the running example, it holds that n, = 2. Next, n3 represents the
number of distinct agents triggering both activities based on the identified event pairs.
For the example edge, this yields n3 = |{R;}| = 1. The weight assigned to the edge
is then computed as (m+m3)/(2xn;). Hence, the weight of the edge between T and T3 is

7We use the publicly available implementation of Heuristic Miner from the pm4py package: https://
pm4py-source.readthedocs.io/en/stable/_modules/pm4py/algo/discovery/causal/variants/heuristic.html
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Figure 6: The DFG discovered from the motivating example event log using Heuristic
Miner (t; = 0.6).

equal to (I+2)/2x2) = 0.75. Edges with a weight below threshold #, € [0, 1] are then
removed from the DFG. The activities within each connected component of the model
are accepted as performed by the same role. This allows for the assignment of each
connected component to a distinct agent type. In the example, setting t, = 0.7 yields a
single connected component comprising the activities {T, T, T3}.

In the second phase, the technique merges the connected components of activities
identified in the first phase based on their level of similarity. First, for each connected
component, the frequency of agents performing the activities within that component is
collected. For example, consider the set of activities {T, T, T3}, which are triggered
six times by a single agent, R;. This information is recorded as an agent-frequency
set §1 = {(R;,6)} for this connected component. In this example, since only one
connected component exists, so the merging step is skipped. Assume there is another
connected component with an agent-frequency set S, = {(R;,4)}. To calculate the
similarity between these two components, two intermediate quantities are computed.
First, let ny denote the sum of frequencies across both agent sets, which amounts to
ny = 6 +4 = 10 in this example. Next, ns is defined as the sum of the minimum
frequencies for agents common to both sets. It follows that ns = min(6,4) = 4 in the
example. The similarity between two components is then computed as (2xns)/n,. For the
example components, the similarity is 2x4/10 = 0.8. This process is repeated for all
pairs of connected components, and components with a similarity score exceeding a
given threshold #; € [0, 1] are merged.

The original BME approach produces clusters of activities. In the running example,
however, it yields a single activity cluster {T|, T», T3}. To address such situations, the
last step of our agent type identification technique extends the original BME approach
to relate every agent to the activity cluster from which they perform most activities.
For each activity cluster, the corresponding set of assigned agents forms an agent type.
If an agent does not perform any activity that belongs to any cluster, it is treated as a
standalone agent type. Consequently, agents R;, R3, R4, Rs, and R¢ from the example
relate to the activity group {T,7>,7T3} and hence define one agent type. Agent R,
defines another agent type because the activities it performs are not in the activity
group {71, T, T3}.

A configuration of the BME technique is thus given by a triplet of thresholds
(t1,1r,13). For example, the configuration (0.6,0.7,0.7) results in the identification of
two agent types: A4 = {R|,R3,R4,Rs5,R¢} and As = {R,}. |[Figure 3b presents the MAS
model discovered by the AM algorithm using these two agent types.
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Table 3: Event logs used in our evaluation.

Event log Variant freq. filter =~ #Events  #Cases  #Activities  #Agent inst.
BPIC 2011°] 10% 3,433 260 168 21
BPIC 201@ 80% 225,412 12,214 36 68
BPIC 2013'" 80% 6,143 1,422 7 593
BPIC 2014 (incident details)'?] 10% 140,101 26,247 33 195
BPIC 2015-1"] 80% 44,075 1,002 20 21
BPIC 2015-2"4] 80% 36,670 676 24 11
BPIC 2015-3'| 80% 51,405 1,207 23 10
BPIC 2015-4!¢| 80% 39,837 882 26 10
BPIC 2015-5"7| 80% 49,615 958 23 21
BPIC 202('8 80% 80,405 6,799 21 8

5 Evaluation

This section evaluates four agent type identification techniques: the native technique
of AM [40], DCG [27], AMatrix [35], and BME [5]; see [Section 4]for an overview
of the techniques. First, we describe the event logs used in the evaluation, the experi-
mental setup, and the implementation of the techniques. Second, we present the results
of comparing MAS models and process models discovered using various agent type
identification techniques from real-world event logs. Finally, we use synthetic event
logs with known ground truth agent types to assess the accuracy of each technique.

5.1 Event logs, Setup, and Implementation

We used ten publicly available real-world Business Process Intelligence Challenge
(BPIC) event logs to evaluate and compare the agent type identification techniques
discussed in Section 4] We applied variant frequency filter to exclude infrequent cases
from these event logs, ensuring that the focus is on more representative process behav-
ior. These event logs and variant frequency filters were used in the original evaluation
of AM [40]. Tour et al. [40] have identified these event logs as all publicly available
event logs shared by the IEEE Task Force on Process Mining in which attributes of
events suggest information about agent instances. We assume agent-based systems in-
duced these event logsE Specifically, we accept that the resource attributes of events in
the selected event logs refer to agents that performed the activities that triggered these
events. The characteristics of these ten filtered event logs are summarized in|Table 3|

8The fact that we do not know if the data originated from agent-based systems makes any positive out-
comes extremely valuable, potentially providing evidence for the usefulness of ABM as a paradigm that can
be applied for process discovery.
ghttps://doi.org/l 0.4121/uuid:d9769f3d- 0ab0-4fb8-803b-0d 1120ffcf54
lOhttps://doi.org/l 0.4121/uuid:3926db30-1712-4394-aebc-75976070e91f
1 https://doi.org/10.4121/uuid:a7ce5¢55-03a7-4583-b855-98b86e 1a2b07
12https://doi.org/l0.412l/uuid:30fa2260»fS(:S-44be—alfel—b70d35288d6d
13https://doi.org/l0.412l/uuid:aOaddfcla—2044—4541—a450—fdcc9fel6d17
14https://doi.org/lOAl2l/uuid:63a8435a—077d—4ece—97cd— 2¢76d394d99¢
15https://doi.org/l0‘4l2l/uuid:ed445cdd— 27d5-4d77-al{7-59fe7360cfbe
16https://doi.org/l0.4l2l/uuid:679bl 1cf-47cd-459¢-a6de-9ca614e25985
7 https://doi.org/10.4121/uuid:b32c6fe5-£212-4286-9774-58dd5351 1cf8
18https://doi.org/10.412l/uuid:52fb97d4—4588—4309»9d04—3604(;14613b51

19


https://doi.org/10.4121/uuid:d9769f3d-0ab0-4fb8-803b-0d1120ffcf54
https://doi.org/10.4121/uuid:3926db30-f712-4394-aebc-75976070e91f
https://doi.org/10.4121/uuid:a7ce5c55-03a7-4583-b855-98b86e1a2b07
https://doi.org/10.4121/uuid:3cfa2260-f5c5-44be-afe1-b70d35288d6d
https://doi.org/10.4121/uuid:a0addfda-2044-4541-a450-fdcc9fe16d17
https://doi.org/10.4121/uuid:63a8435a-077d-4ece-97cd-2c76d394d99c
https://doi.org/10.4121/uuid:ed445cdd-27d5-4d77-a1f7-59fe7360cfbe
https://doi.org/10.4121/uuid:679b11cf-47cd-459e-a6de-9ca614e25985
https://doi.org/10.4121/uuid:b32c6fe5-f212-4286-9774-58dd53511cf8
https://doi.org/10.4121/uuid:52fb97d4-4588-43c9-9d04-3604d4613b51

As the evaluated technique can be parameterized, refer to|Section 4, we chose five
different parameters for each technique. When selecting parameters, we aimed to con-
struct MAS models with different numbers of agents for comparison. Two situations
should be avoided. Firstly, we aimed to avoid having all the agent-related information
found in the event log grouped under the same agent type. Secondly, the situation when
every single reference to an agent found in the event log defines its dedicated agent type
is undesirable. We fine-tuned the parameters based on the BPIC 2015-1 event log and
applied them to all the other evaluated event logs. For the AM approach, we used five
thresholds of 0.5, 0.6, 0.8, 0.9, and 1.0. For the DCG technique, we applied the thresh-
olds of 0.5, 0.6, 0.7, 0.8, and 0.9. For the AMatrix method, we chose the thresholds of
0.6, 0.7, 0.8, 0.9, and 0.97. The parameter triplets we used for the BME approach are
(0.4,0.9,0.9), (0.6,0.7,0.7), (0.7,0.7,0.7), (0.8,0.6,0.6), and (0.9,0.5,0.5).

For each identified collection of agent types, we executed AM ten times with ten
different parameter configurations (ff;,th;), where ff; = i x 0.1 and th; = 1 — i x 0.1,
i € [1..10]. The activity frequency filter parameter ff; and the threshold parame-
ter th; control the level of detail in the discovered agent models and interaction mod-
els, respectively. We used two methods to label transitions in the discovered models:
activity-only labeling (AOL) and agent and activity labeling (AAL). For the AOL la-
beling, transitions in the discovered MAS models are labeled with the names of the
activities from the input event log, while for the AAL labeling, a transition label is
a pair of an activity from the event log and an identified agent type that performed
the activity. Hence, for each event log and agent type identification technique, using
AM, we constructed 50 AOL MAS models and 50 AAL MAS models. In addition,
for each of the two labeling methods, we used the IM conventional process discovery
algorithm to construct 50 (non-agent-based) process models using 50 noise threshold
values th, = 1 —n x 0.02, where n € [0..49], hence obtaining 50 AOL process models
and 50 AAL process models. We used agent types identified by the BME technique to
construct the AAL-labeled IM process models; that is, activity labels of transitions in
the models discovered by IM incorporate the information on agent types responsible
for the execution of the corresponding activities. Though model activities in conven-
tional process discovery are commonly identified using the activity attributes of events
in event logs (AOL labeling), in general, one can use other ways to identify model
activities [43]. By identifying model activities as activity-agent pairs (AAL labeling),
we aim to incorporate information on agents into process models constructed by IM.
Note that an AAL process model cannot be obtained from the AOL process model
constructed by IM by using the noise threshold used to discover the AAL model and
enhancing the model activities with the information on agent types responsible for per-
forming them. An AAL process model is structurally different from the AOL process
model constructed for the same noise threshold, as these two models result from differ-
ent activities and, thus, different collections of traces.

We used entropy-based precision and recall, and model size to compare the dis-
covered MAS models and process models. Specifically, we evaluated the precision
and recall of AOL and AAL MAS and process models concerning event logs where
trace activities were identified using corresponding labeling methods. Additionally,
undirected and directed modularity, along with the Gini coefficient, were employed to
further assess the constructed MAS models. The rationale for using these six quality

20



Table 4: Best performing techniques based on one-dimensional Welch’s ¢-test (AOL).

Event log Precision \ Recall Size
BPIC 2011 AM AM,AMatrix,IM AMatrix,DCG,IM
BPIC 2012 BME AM,BME,DCG BME,IM
BPIC 2013 DCG AM,BME,AMatrix,DCG M
BPIC 2014 (inc. details) AM,BME,AMatrix,DCG BME,AMatrix M
BPIC 2015-1 M AM,BME,AMatrix,DCG M
BPIC 2015-2 AM,BME,AMatrix AM,BME,AMatrix,IM DCG
BPIC 2015-3 M AM,BME,AMatrix M
BPIC 2015-4 BME,AMatrix AM,BME, AMatrix M
BPIC 2015-5 AM,BME, AMatrix,DCG,IM BME, AMatrix M
BPIC 2020 AM,BME,AMatrix,DCG,IM AM,BME,AMatrix,DCG,IM AMatrix

Table 5: Best performing techniques based on one-dimensional Welch’s 7-test (AAL).

Event log Precision | Recall Size
BPIC 2011 AM AM,BME,AMatrix AM,BME,AMatrix,DCG
BPIC 2012 BME BME,DCG M
BPIC 2013 DCG AM,BME,AMatrix,DCG ™M
BPIC 2014 (inc. details) BME,IM AM,BME,AMatrix ™M
BPIC 2015-1 AMatrix,IM BME, AMatrix,DCG M
BPIC 2015-2 BME,IM AM,BME,AMatrix,DCG M
BPIC 2015-3 ™M BME,AMatrix M
BPIC 2015-4 BME,AMatrix AM,BME,AMatrix,DCG M
BPIC 2015-5 BME,AMatrix,IM BME,AMatrix M
BPIC 2020 AM,BME,AMatrix, DCG,IM | AM,BME,AMatrix,DCG,IM BME,AMatrix,DCG,IM

measures is discussed in All the evaluated agent type identification tech-
niques have been implemented and made publicly available, along with the code used
for the experiments

5.2 Models Discovered From Real-World Event Logs

The agent types identified based on the BME technique consistently lead to the discov-
ery of better models over most quality measures and event logs, while the AM agent
type identification technique supports the discovery of good-quality modular systems.
In what follows, we support this claim with the experimental evidence.

We grouped MAS models discovered using AM into four groups based on the agent
type identification technique used to construct them, while process models discovered
by IM formed the fifth group. In every pair of groups, the models are unpaired, exhibit-
ing differing variances. Therefore, to identify superior groups of models, we performed
Welch’s #-test using the null hypothesis that the performance of models in different
groups is the same, for a 95% confidence level, separately for precision, recall, and
size. Because each quality criterion was addressed separately, we refer to this compar-
ison as a one-dimensional (1D) comparison. [Tables 4/ and 5| report the results of the
tests, that is, techniques that discover the most accurate, in terms of precision and re-
call, and simple models, either MAS models or process models, for the AOL and AAL
labeling methods, respectively. Some cells in the table list more than one technique,

Yhttps://github.com/QINGTANS/agent- type-identification
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Figure 7: Pareto fronts for models (AOL) discovered from the BPIC 2014 (incident
details) event log, where p, r, and s refer to precision, recall, and size, respectively.

signifying that these techniques are significantly better than other approaches in the
corresponding quality criterion, while the models stemming from the listed techniques
have no obvious differences. For instance, the size quality dimension for the BPIC
2012 event log shows BME and IM, stating that these techniques lead to the discovery
of smaller models. Note that some constructed agent-based models are large due to
specific configurations based on the evaluated parameters that aim to cover the param-
eter space uniformly. However, as it will be clear based on multi-objective, that is, two-
(2D) and three-dimensional (3D) analyses, many MAS models are small and accurate.
For the AOL labeling, BME and AMatrix techniques lead to the discovery of superior
MAS models more often, 16 times for each technique, while conventional IM process
models have better quality characteristics 15 times. BME and IM models also have
superior qualities in the case of AAL labeling, 18 and 16 times, respectively.

to [7c| show three types of 2D Pareto fronts for the MAS models with
AOL labeling constructed from the BPIC 2014 (incident details) event log. In[Fig. 7a|
the Pareto front gravitates toward the top-right corner; see the line segments that con-
nect the data points on the Pareto front in the figure. Models on this Pareto front
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Table 6: Techniques with the majority of discovered models included in the 2D Pareto
fronts; p, r, and s refer to precision, recall, and size, respectively.

Event log ‘ AOL ‘ AAL

[ p&r [ p&s [ r&s | p&r [ p&s [ r&s
BPIC 2011 AM AM AM AM AM AM
BPIC 2012 BME M BME BME BME, IM BME
BPIC 2013 DCG AMatrix, DCG DCG DCG AMatrix, DCG DCG
BPIC 2014 (inc. d.) BME BME, IM BME BME M BME
BPIC 2015-1 BME M AMatrix AMatrix AMatrix BME, AMatrix
BPIC 2015-2 AMatrix, IM ™M ™M BME ™M BME
BPIC 2015-3 AMatrix, IM M BME AMatrix M AMatrix
BPIC 2015-4 BME AMatrix M AMatrix AMatrix ™M
BPIC 2015-5 BME BME BME BME BME, AMatrix BME, IM
BPIC 2020 M ™M AM, IM AM ™M AM

dominate, that is, perform better than, other models with respect to precision and re-
call. There are thirty-two MAS models on the precision-recall Pareto front, of which
twenty-six were constructed using the agent types identified using the BME technique.
The other six models are MAS models constructed using AMatrix and DCG agent types
and IM process models, while there are no MAS models based on AM agent types on
this Pareto front. In Figs. 7b/and|7c, the Pareto fronts gravitate toward the bottom-right
corners of the plots, as smaller model sizes are preferable. The precision-size front has
two BME and two IM models. The recall-size front contains nineteen models. Thirteen
of these models are constructed using the BME agent types. Thus, for the BPIC 2014
(incident details) event log, BME has the most models on all 2D Pareto fronts; that
is, it leads to the construction of more high-performing models than other techniques.
Table 6|reports the techniques that generated the most models on the 2D Pareto fronts
for all the evaluated event logs. Again, BME-induced MAS models performed best
among the agent-based techniques. Specifically, they resulted in superior models more
often on 2D Pareto fronts 11 times, both for AOL and AAL labeled models, perform-
ing particularly well for the BPIC 2012, 2014, and 2015-5 event logs. The IM models
were identified as superior 12 and 7 times for the AOL and AAL labeling methods. We
conclude that BME performs best on 2D Pareto fronts.

We compare the areas bounded by 2D Pareto fronts of the evaluated techniques.
The technique with the largest area generates the most diverse models, thus supporting
human experts in choosing the most suitable MAS models according to their needs. We
compute the areas below the fronts for the precision-recall plots, while for the other two
types of plots, we compute the areas above the fronts. We restrict the ranges of quality
measures considered to ignore the impact of low-quality models when calculating the
areas. Specifically, we ignore models with precision and recall below 0.2 and 0.7,
respectively, and models of size larger than 500.

to|7c|report the areas for the AOL labeled models. Process models dis-
covered by IM have the largest areas for most event logs for the precision-recall and
precision-size fronts. In contrast, MAS models induced by BME agent types result in
the largest areas for most event logs for the recall-size fronts and have better perfor-
mance for the other two types of 2D fronts compared to the other agent-based tech-
niques. This observation implies that models on the BME Pareto fronts are not pressed
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Table 7: Areas and volumes bounded by 2D and 3D Pareto fronts (AOL); p, 1, and s
refer to precision, recall, and size, respectively.

Log AM BME AMatrix DCG M Log AM BME AMatrix DCG M
2011 0.071 0 0 0 0 2011 0.115 0 0 0 0
2012 0 0.058 0 0.013 0.056 2012 0 0.139 0 0.044 0.076
2013 0.079 0.104 0.102 0.102 0.110 2013 0.230 0.331 0.310 0.310 0.342
2014 0.020 0.037 0.016 0.019 0.003 2014 0.073 0.134 0.034 0.027 0.007
2015-1 0.037 0.069 0.065 0.029 0.067 2015-1 0.093 0.196 0.206 0.078 0.214
2015-2 0 0 0 0 0.009 2015-2 0 0 0 0 0.034
2015-3 0.026 0.024 0.025 0 0.034 2015-3 0.067 0.075 0.076 0 0.170
2015-4 0.003 0.006 0.006 0 0.009 2015-4 0.014 0.029 0.029 0 0.113
2015-5 0.003 0.017 0.006 0 0.007 2015-5 0.009 0.069 0.047 0 0.034
2020 0 0 0 0 0.018 2020 0 0 0 0 0.080
@p&r b p&s
Log AM BME AMatrix DCG ™ Log AM BME AMatrix DCG ™M
2011 0.069 0 0 0 0 2011 0.024 0 0 0 0
2012 0 0.149 0 0.083 0.100 2012 0 0.037 0 0.007 0.025
2013 0.206 0.236 0.236 0.236 0.235 2013 0.059 0.086 0.085 0.085 0.091
2014 0.063 0.104 0.046 0.020 0.051 2014 0.011 0.025 0.006 0.003 0.001
2015-1 0.194 0.234 0.251 0.170 0.203 2015-1 0.025 0.057 0.057 0.020 0.054
2015-2 0 0 0 0 0.081 2015-2 0 0 0 0 0.005
2015-3 0.162 0.207 0.211 0 0.131 2015-3 0.017 0.020 0.020 0 0.027
2015-4 0.067 0.084 0.082 0 0.047 2015-4 0.002 0.004 0.004 0 0.007
2015-5 0.117 0.124 0.088 0 0.066 2015-5 0.002 0.013 0.004 0 0.004
2020 0 0 0 0 0.084 2020 0 0 0 0 0.010
©r&s (dp,r&s

together, confirming that BME agent types can lead to good models of diverse quality
characteristics. Similar conclusions can be drawn based on the areas induced by the
2D Pareto fronts of AAL labeled models, refer to[Tables 8a/to[8c!

A model with two good characteristics can fall short on the third one. To achieve
solid conclusions, we study 3D Pareto surfaces comprising the best-performing models
that dominate over all three quality dimensions. In [Fig. 7d, the models with better
precision, better recall, and smaller size are located on the bottom right part of the plot.
The 3D Pareto surface in[Fig. 7dlis defined by 47 models, with most models discovered
by AM using BME agent types.

For different event logs, Tables 9 and 10 report the numbers of models on the 3D
Pareto surfaces discovered by each evaluated technique; the number of models for the
winning technique is highlighted in boldface. We analyze 3D Pareto surfaces that, in
combination with precision and recall, use model size (s), directed (d) and undirected
(u) modularity, and Gini coeflicients (g) as measures of model simplicity.

The BME-induced MAS models are the majority of models on the model size sur-
faces for AOL and AAL models across the event logs. Moreover, only BME models
are present on all the model-size surfaces. and [8d| also confirm that BME
Pareto surfaces are often more voluminous than surfaces induced by other agent iden-
tification techniques and are comparable to the volumes induced by the IM surfaces.
Finally, with respect to modularity, the original agent type identification technique of
AM demonstrates superior performance across most datasets, while BME provides a
more uniform distribution of activities across the agent models.
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Table 8: Areas and volumes bounded by 2D and 3D Pareto fronts (AAL); p, 1, and s
refer to precision, recall, and size, respectively.

Log AM BME AMatrix DCG M Log AM BME AMatrix DCG M
2011 0.071 0 0 0 0 2011 0.115 0 0 0 0

2012 0 0.054 0 0.010 0.054 2012 0 0.139 0 0.044 0.067
2013 0.042 0.102 0.102 0.102 0.110 2013 0.144 0.310 0.310 0.310 0.342
2014 0.001 0.025 0.011 0 0.006 2014 0.001 0.048 0.013 0 0.014
2015-1 0.010 0.055 0.063 0.007 0.045 2015-1 0.028 0.170 0.206 0.017 0.116
2015-2 0 0 0 0 0.009 2015-2 0 0 0 0 0.033
2015-3 0 0.024 0.025 0 0.035 2015-3 0 0.075 0.076 0 0.170
2015-4 0.003 0.006 0.006 0 0.009 2015-4 0.014 0.029 0.029 0 0.113
2015-5 0 0.006 0.005 0 0.005 2015-5 0 0.043 0.043 0 0.025
2020 0 0 0 0 0.011 2020 0 0 0 0 0.067

@p&r b p&s

Log AM BME AMatrix DCG ™M Log AM BME AMatrix DCG ™M
2011 0.069 0 0 0 0 2011 0.024 0 0 0 0

2012 0 0.140 0 0.062 0.089 2012 0 0.035 0 0.006 0.022
2013 0.194 0.236 0.236 0.236 0.235 2013 0.032 0.084 0.084 0.084 0.091
2014 0.033 0.080 0.036 0 0.050 2014 0 0.010 0.002 0 0.002
2015-1 0.170 0.229 0.250 0.177 0.172 2015-1 0.007 0.046 0.055 0.004 0.030
2015-2 0 0 0 0 0.073 2015-2 0 0 0 0 0.005
2015-3 0 0.206 0.211 0 0.132 2015-3 0 0.020 0.020 0 0.028
2015-4 0.066 0.082 0.083 0 0.048 2015-4 0.002 0.004 0.004 0 0.007
2015-5 0 0.096 0.084 0 0.058 2015-5 0 0.005 0.004 0 0.003
2020 0 0 0 0 0.045 2020 0 0 0 0 0.005

©r&s (dp,r&s

To emphasize the added value of discovering agent-based models from event logs,
we look again at the two models discovered from the BPIC 2014 (incident details)
event log discussed in The first model is the process model constructed by
IM shown in The second model is the MAS model constructed by AM using
agent types identified using the BME technique shown in These models re-
side on the 3D Pareto surfaces composed from models constructed using the respective
discovery techniques. That is, they are superior models according to these discovery
techniques. In we emphasize the quality characteristics of these two models
with ellipses with red borderlines. The MAS model resides on the global 3D Pareto
surface constructed from models discovered by all the evaluated techniques. Recall
that this MAS model outperforms the process model in all three quality criteria of pre-
cision, recall, and simplicity; refer to|Section 2|for details. Notably, the process model
in[Fig. 1is the “closest,” in terms of the three quality characteristics, to this MAS model
among all the 50 discovered process models using IM stemming from the systematic
exploration of its parameter space. This observation provides strong evidence that the
agent-based modeling paradigm is an interesting paradigm to be used for automatically
constructing models from event data of business processes, as MAS models discovered
by AM complement process models constructed by a state-of-the-art conventional pro-
cess discovery algorithm. Interestingly, the smallest of the S0 models constructed by
IM from this event log contains 216 nodes and edges, confirming that a discovered
MAS model can be smaller than discovered process models while also providing addi-
tional information about the interaction structure of the individual agents participating
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Table 9: Numbers of models on 3D Pareto surfaces (AOL); p, 1, s, d, u, and g refer to
precision, recall, size, directed modularity, undirected modularity, and Gini coefficient,
respectively.

Number of models (AOL)

Log p-r-s | p-r-d | p-r-u | p-r-g

AM  BME AMatrix DCG IM | AM BME AMatrix DCG | AM  BME AMatiix DCG | AM  BME AMatrix DCG
2011 9 1 0 0 2 10 8 6 0 10 8 6 0 9 7 3 0
2012 1 7 0 0 4 0 6 6 13 1 5 6 10 0 5 0 0
2013 0 3 6 10 6 11 9 7 2 11 2 8 4 11 12 6 2
2014 1 29 4 3 10 8 24 16 6 7 25 16 6 9 25 7 6
2015-1 1 7 7 0 5 10 7 4 5 12 7 4 5 3 6 8 0
2015-2 1 2 3 0 7 10 5 3 0 10 11 4 0 0 5 3 0
2015-3 2 3 5 0 6 6 3 4 0 8 3 5 0 2 1 5 0
2015-4 2 7 4 0 5 7 9 4 1 7 8 9 1 2 1 5 0
2015-5 3 13 7 0 14 5 13 8 0 5 17 6 0 5 17 7 0
2020 6 4 0 3 8 14 4 5 7 14 5 8 7 9 5 0 3

Table 10: Numbers of models on 3D Pareto surfaces (AAL); p, 1, s, d, u, and g refer to
precision, recall, size, directed modularity, undirected modularity, and Gini coefficient,
respectively.

Number of models (AAL)

Log p-r-s [ p-r-d [ p-r-u [ p-r-g

AM  BME AMatrix DCG  IM | AM BME AMatrix DCG | AM  BME AMatrix DCG | AM  BME AMatrix DCG
2011 9 1 1 0 0 10 7 7 1 10 7 7 1 10 6 1 1
2012 0 9 0 0 6 0 12 4 18 0 8 6 16 0 8 0 0
2013 0 1 6 11 5 15 11 5 4 15 1 8 5 15 16 3 4
2014 1 26 6 0 13 2 15 19 0 0 15 19 0 17 27 9 0
2015-1 0 4 6 2 0 6 5 7 7 11 5 7 7 0 4 10 0
2015-2 0 8 1 0 6 10 9 1 2 10 10 1 5 0 8 0 0
2015-3 0 1 8 0 4 6 7 8 0 10 7 9 0 0 0 8 0
2015-4 0 3 6 0 7 8 8 9 3 11 4 10 3 0 3 5 0
2015-5 0 10 4 0 12 9 16 7 4 9 23 6 4 8 21 6 0
2020 8 4 0 2 4 9 5 7 9 9 5 15 7 6 3 0 1

in the process and their detailed behaviors.

5.3 Agent Types Identified Based on Synthetic Event Logs

AMatrix consistently identifies agent types closest to the ground truth types, as con-
firmed for multiple event logs and similarity measures, while the BME and DCG tech-
niques are best in rediscovering agent types in specific contexts. Next, we justify this
claim with empirical evidence.

In addition to evaluating the quality of MAS models generated using different agent
type identification techniques, we assessed the accuracy of the identified agent types.
Specifically, we compared the agent types identified by the four evaluated techniques
against ground truth agent types. To facilitate this analysis, we generated synthetic
event logs using MAS models constructed by AM. These constructed MAS models
provide ground truth agent types. We then checked how well the evaluated agent type
identification techniques can infer those ground truth types.

We used the ten real-world event logs listed in to construct MAS mod-
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els. For each event log, four agent type identification techniques (AM, BME, AMatrix,
and DCG) were applied. Each technique was evaluated with five different threshold
configurations, as described in[Section 5.2| resulting in 20 collections of agent types.
For each collection, AM was executed three times with parameter configurations of
(0.1,0.9), (0.5,0.5), and (0.9,0.1), generating 60 MAS models per event log. Subse-
quently, three event logs were generated using each MAS model, each adhering to one
of three policies for assigning agent instances to events, as detailed below; note that
the assignment of agent instances to agent attributes of events was based on the agent
types responsible for performing activities, as identified in the discovered MAS model.

Policy 1: The agent attribute of each event triggered by an activity performed by an
agent of some type is assigned a random agent instance of that type.

Policy 2: If multiple consecutive events of a case are triggered by activities performed
by agents of the same type, the agent attributes of all these events are as-
signed a random agent instance of that type.

Policy 3: If multiple events of a case are triggered by activities performed by agents of
the same type, the agent attributes of all these events are assigned a random
agent instance of that type.

Each generated event log comprises 1,000 cases, with a maximum number of 200
events per case. If a MAS model generated more than 200 events for some case, that
case was discarded, and another case was generated. Based on the number of cases and
events specified, we ensure that the generated event logs encompass important knowl-
edge about the system while minimizing the generation of excessive repetitive activity
patterns. Finally, we used five agent instances of each type to assign agent attributes
of events in the generated event logs. The code we used to construct the MAS models
and generate event logs is publicly available

For each generated event log, we applied all four evaluated agent type identification
techniques, each using ten parameter configurations. Here, we explore a broader range
of thresholds to achieve a better coverage of the search space. For the AM, DCG, and
AMatrix techniques, we used thresholds th; = 0.5 + j x 0.05, j € [1..10]. Finally,
for the BME technique, we used these parameter triplets: (0.5,0.9,0.9), (0.5,0.5,0.5),
(0.6,0.8,0.8), (0.6,0.6,0.6), (0.7,0.7,0.7), (0.8,0.6,0.6), (0.8,0.7,0.7), (0.8,0.8,0.8),
(0.9,0.5,0.5), and (0.9,0.9,0.9).

As there are multiple measures for comparing partitions of a set, and no measure is
universally preferred or is more suitable for our setting, we employed four commonly
used measures to evaluate the agreement between the ground truth and the identified
agent types. The Rand Index (RI) quantifies the similarity between two partitions of a
set [26]. The Normalized Mutual Information (NMI) quantifies the mutual dependence
or shared information between partitions [10], and is widely applied in community de-
tection within social network analysis [21]. Similarly, the Jaccard Index (JI) measures
the similarity between sets by treating each pattern as an element of a set [15]. Finally,
the Fowlkes-Mallows Index (FMI) provides a numerical assessment of the similarity
between two hierarchical clusterings [16]. The similarity scores for all these measures
range from zero to one. Higher similarity scores consistently indicate a closer match

20https://doi.org/10.26188/28478069
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between the experimental results and the ground truth.

Let T and I be ground truth agent types and identified agent types, respectively,
each given as a partition of a set of agent instances, where a group of agent instances in
a partition defines an agent type. When grouping agent instances into types, an agent
identification technique makes decisions on which pairs of agent instances to group in
the same agent type and which to attribute to different agent types. Consequently, one
can establish a quality of agent type identification in terms of correct and wrong such
decisions. Let TP (true positives) be the number of pairs of agent instances that are in
the same agent type in T and in the same agent type in /. Let TN (true negatives) be the
number of pairs of agent instances that are in different agent types in 7" and in different
agent types in /. Let FP (false positives) be the number of pairs of agent instances that
are in different agent types in 7 and in the same agent type in /. Finally, let FN (false
negatives) be the number of pairs of agent instances that are in the same agent type in
T and in different agent types in /.

Table 11|shows the definitions of the discussed partition similarity measures. Note
that RI, JI, and FMI are captured in terms of correct and wrong decisions made by
the agent type identification technique. For instance, let T = {{R|,R,},{R3,R4}} and
I = {{R1,R2},{R3},{R4}}. In this example, it holds that TP = |{{R|,R}}| = 1, TN =
[{{R1,R3} ,{R1, R4} ,{R2,R3} ,{R2, R4}} | = 4, FP = 0, and FN = |{{R3,R4}}| = 1. Based
on these terms,|Table 11 provides similarity scores between example partitions 7" and
I for the RI, JI, and FMI measures.

The NMI measure uses the mutual information (MI) between T and I that measures
how much knowing the agent type assignment of one partition reduces the uncertainty
of the other, and normalizes it to ensure the score lies between zero and one. The
definition of NMI is given in|Table 11| Let T = (T, T»,..., T} and I = (I}, D,...,I}}
be two partitions. Then, the mutual information between T and [ is defined as:

AMﬂnzil

! P(T;N 1))
P(T;n1;)log — |,
i=1 j=1

P(T)P(I))

where P(T;) is the probability of an element belonging to group 7}, P(/;) is the probabil-
ity of an element belonging to group /;, and P(T; N ;) is the probability of an element
belonging to both groups 7; and /;. To normalize the mutual information, entropies
H(T) and H(I) of partitions T and I are used, where H(T) = — Zf.‘zl P(T;)1log P(T;) and
H(I) = - 25:1 P(I;)log P(I;). Consequently, the NMI score for the example partitions
T and I is 0.800, also reported in Table 11|

Based on the measures discussed, Table 12 presents the best-performing agent type
identification techniques—those that identify agent types most similar to the ground
truth. For each event log, we computed similarity scores between the identified and
ground truth agent types. The technique with the highest average similarity score is
reported as the best performer in the table.

Overall, AMatrix demonstrates superior performance across nearly all event logs
and measures, accurately grouping agent instances into their respective types. BME
and DCG achieve the highest accuracy for certain event logs when evaluated using the
NMI and JI measures, highlighting their strength in specific contexts.

28



Table 11: Definitions and examples of measures for comparing collections of agent
types given as partitions of a set of agent instances.

Measure Definition Example similarity
Rand Index T L L 0.833
Jaccard Index % 0.500
Fowlkes-Mallows Index m 0.707
Normalized Mutual Information % 0.800

Table 12: Techniques that identify agent types closest to the ground truth based on
different evaluation measures.

Event log RI NMI JI FMI

BPIC 2011 AMatrix AMatrix DCG AMatrix
BPIC 2012 AMatrix AMatrix BME AMatrix
BPIC 2013 AMatrix BME AMatrix AMatrix
BPIC 2014 (inc. details) AMatrix AMatrix AMatrix AMatrix
BPIC 2015-1 AMatrix AMatrix AMatrix AMatrix
BPIC 2015-2 AMatrix AMatrix AMatrix AMatrix
BPIC 2015-3 AMatrix BME AMatrix AMatrix
BPIC 2015-4 AMatrix BME DCG AMatrix
BPIC 2015-5 AMatrix AMatrix AMatrix AMatrix
BPIC 2020 AMatrix AMatrix AMatrix AMatrix

5.4 Limitations and Threats to Validity

It is important to discuss the limitations of this work and the potential threats to the
validity of the results, which we do next.

Evaluating model quality in process mining is known to be computationally expen-
sive. Due to this challenge and the broad scope of our analysis, we excluded models
for which computing precision and recall exceeded four hours. As a result, 23.2% of
the constructed models were excluded from evaluation. Though these models are typ-
ically large and, hence, are rarely used in practice by process analysts, their exclusion
may affect the validity of our conclusions. However, as the entropy-based precision
and recall measurements we used satisfy all known properties for this class of model
quality measures [37], they ensure an unbiased basis for our conclusions.

To compare the performance of various algorithms on a given event log, we dis-
covered 50 models using each algorithm. We then compared algorithm performance
based on the models of superior characteristics they produced. This indirect com-
parison poses a threat to validity, as different parameter settings could yield different
models and, consequently, different conclusions. To mitigate this, we selected configu-
ration parameters designed to cover the relevant parameter space uniformly. While this
approach does not guarantee the best-performing models for each technique, it aims to
reveal general trends in model quality. The decision to discover 50 models was guided
by the need to balance experiment depth with runtime feasibility. This setup allowed us
to complete all experiments within six weeks on a Linux server with a 64-bit processor
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architecture, 20 cores, and 80GB RAM.

Again, to keep the runtimes of the experiments within a reasonable timeframe, we
constructed AAL-labeled IM process models using only agent types identified by the
BME technique. The use of alternative agent type identification techniques could lead
to different conclusions. We selected the BME technique because it consistently led to
the construction of superior MAS models.

The experiments were conducted on ten industrial event logs. Though they stem
from a range of domains, to improve the generalizability of the results, it is desirable
to extend the analysis to more datasets. One can investigate the relationship between
the accuracy of the identified agent types and the quality of the resulting MAS models
constructed from them. Such studies are postponed for future work.

The conclusion that AMatrix identifies ground truth agent types is based on syn-
thetic data. Specifically, the event logs used for agent type identification were generated
by MAS models that were themselves derived from real-world business process event
logs. However, since these MAS models are approximations rather than true represen-
tations of agent-based systems within organizations, the generated event logs do not
reflect actual historical records of agent activities at organizations. It is unclear if the
same conclusion will hold to agent type identification over industrial logs.

Another limitation of the current agent-type identification techniques is their as-
sumption that each agent can be assigned to only one agent type. However, in real-
world scenarios, agents may play multiple roles and perform different types of activi-
ties depending on the roles they play. Therefore, this constraint reduces the flexibility
and generalizability of the proposed techniques. Future work may focus on develop-
ing agent type identification techniques that support multi-role behaviors for individual
agents. This includes modeling the conditions under which an agent plays a specific
role, as well as capturing dynamic role adaption based on the agent’s current state.

A potentially limiting design choice of our approach is the use of Petri nets to repre-
sent MASs. While Petri nets are widely used in process mining as well-understood and
expressive abstractions for modeling and analyzing workflows, they are fundamentally
discrete and purely reactive. As a result, they are limited in their ability to capture spe-
cific characteristics of agents in MASs, such as autonomy and proactivity. Since agent
system mining is in its early stages, it relies on many modeling and evaluation methods
from process mining. To ensure consistency and allow for comparative assessments
using established quality measures, such as precision, recall, and simplicity, we rely on
Petri nets as the underlying formalism in this study. As part of future work, one can
investigate the application of declarative process mining techniques to discover MAS
models, which can generate more flexible specifications that better reflect the rules,
norms, and goals of agents and MASs.

Finally, the recent introduction of Agent System Event Data [34], which describes
business processes as interactions of agents, shows the potential to collect additional
attributes such as organization and role information from the agent system. These
additional attributes facilitate the development of top-down agent system mining tech-
niques, where the mining process begins by identifying organizational behaviors and
goals, followed by the mining of role-level and individual agent behaviors. This ap-
proach supports the analysis of macro-level emergent behaviors from organization-
level interactions, and it can provide insights for designing self-organizing systems by
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uncovering governing rules at both the organizational and role levels.

6 Conclusions

This article demonstrates that agent-based modeling is an effective approach for au-
tomatically discovering simple and accurate models from event data generated during
business process execution. These models enhance data-driven business process anal-
ysis in two ways. First, they often achieve superior performance according to standard
process mining criteria, such as precision, recall, and model size, ensuring they suc-
cinctly and accurately represent the underlying processes. Second, agent-based models
provide a fresh perspective by focusing on the agents performing process activities and
their interactions, enabling detailed analysis of individual participant behaviors and
their interaction patterns. These claims are validated through experiments using multi-
ple event logs from real-world business processes.

Identifying agent types, which are groups of agents that perform similar tasks and
can be represented by a single agent model, is a crucial step in discovering agent-based
models from event data. The challenge of uncovering relationships between process
participants from event data is a key focus of organizational mining, a subfield of pro-
cess mining. Therefore, we reviewed existing organizational mining techniques and
adapted three suitable ones, namely DCG [27], AMatrix [35], and BME [5], to solve the
agent type identification problem. We then evaluated the Agent Miner algorithm [40]
for discovering agent-based models using the original and three newly adapted agent
type identification techniques to determine which method produces better models and
accurately identifies ground truth agent types.

The BME technique consistently identifies agent types that lead to the discovery of
simple, accurate, and versatile agent-based models. In contrast, AMatrix often reliably
identifies agent types that closely align with the ground truth, while BME and DCG
perform best at rediscovering ground truth agent types for specific datasets and ways of
comparing learned agent types with the ground truth. Since agent-based models can be
evaluated based on their modularity, defined by the composition and structure of their
agent models, we assessed this property across the techniques. Our analysis revealed
that the original agent type identification technique of Agent Miner most frequently
produces good-quality modular models.

Interestingly, in our experiments, identifying agent types closest to the ground truth
did not result in the discovery of the most accurate and simple models. Similarly, we
observed that simple and accurate agent-based models do not necessarily exhibit the
best modularity characteristics. These findings suggest the need for new algorithms
that can optimize across multiple dimensions (accuracy, simplicity, and modularity)
when discovering agent-based models. Exploring such algorithms presents an inter-
esting avenue for future work to advance insights produced by agent system mining.
Finally, existing algorithms for discovering agent-based models from event data as-
sume that the data includes attributes identifying the agent instances responsible for
process activities, a requirement not imposed by traditional process discovery. It is
clear that this reliance on additional information on agent instances partly ensures the
added value of the discovered agent-based models. While we confirmed that, under
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reasonable assumptions, most publicly available event logs contain this information,
an interesting direction for future research is to explore whether this information can
be inferred from standard event log attributes. This would significantly expand the ap-
plicability of our work. Another promising direction for future work is the development
of new agent type identification techniques that construct MAS models specifically for
agent-based simulation, enabling the generation of synthetic event data that accurately
reflects the behavior of the original system.
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