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Abstract. When designing simulations, the objective is to create a rep-
resentation of a real-world system or process to understand, analyze,
predict, or improve its behavior. Typically, the first step in assessing
the credibility of a simulation model for its intended purpose involves
conducting a face validity check. This entails a subjective assessment by
individuals knowledgeable about the system to determine if the model
appears plausible. The emerging field of process mining can aid in the
face validity assessment process by extracting process models and in-
sights from event logs generated by the system being simulated. Process
mining techniques, combined with the visual representation of discovered
process models, offer a novel approach for experts to evaluate the valid-
ity and behavior of simulation models. In this context, outliers can play
a key role in evaluating the face validity of simulation models by draw-
ing attention to unusual behaviors that can either raise doubts about or
reinforce the model’s credibility in capturing the full range of behaviors
present in the real world. Outliers can provide valuable information that
can help identify concerns, prompt improvements, and ultimately en-
hance the validity of the simulation model. In this paper, we propose an
approach that uses process mining techniques to detect outlier behaviors
in agent-based simulation models with the aim of utilizing this informa-
tion for evaluating face validity of simulation models. We illustrate our
approach using the Schelling segregation model.

Keywords: Face validity · Agent-based simulation · Process mining

1 Introduction

Face validity is a key aspect of simulation model design. It involves asking knowl-
edgeable individuals about the system if the model and its behavior are plausible
[24]. This step is commonly used to evaluate how well the model captures the es-
sential features of the real-world system that it represents [16, 25]. Face validity
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methods rely on human expertise and include expert assessments and structured
walk-throughs [15]. This process ensures that the simulation model outcomes are
reasonable and plausible within the theoretical framework and implicit knowl-
edge of system experts or stakeholders. Although other types of validation, such
as statistical validation, are also important, face validity is relevant because it
is a common first step in assessing the simulation model’s validity. Nevertheless,
after designing their model, practitioners and researchers should rigorously test
its performance under a variety of conditions [9].

Assessing face validity in simulation modeling can be challenging [20]. One
major challenge is the potential for a discrepancy between the model’s assump-
tions and the real-world system it represents, which can affect the accuracy of
the model [16]. The complexity of the modeled system can also make achieving
face validity challenging, as can balancing model accuracy with simplicity [9].
Additionally, the subjective nature of face validity and the potential for biases in
the validation process must be taken into account [28]. Incorporating feedback
from subject matter experts and stakeholders can enhance face validity, but this
process can be time-consuming and resource-intensive. For instance, if asses-
sors find it difficult to categorize and examine every available option, achieving
comprehensive face validity can become challenging [10].

To this end, the emerging field of process mining can provide a valuable tool
for enhancing face validity in simulation models and addressing some of the con-
cerns previously mentioned. Process mining extracts knowledge from event logs
of real-life processes [1] and can validate behavior in simulation models against
real-world behavior. By comparing simulation output with data extracted from
real-world processes, process mining can help identify discrepancies. This allows
for adjustments to be made to the simulation model to improve its validity, as
discussed in Subsection 2.2. The wealth of techniques developed within the pro-
cess mining discipline can also be applied to event logs generated by a simulation
model. This enables experts in simulation and process mining to assess resulting
process models and corresponding performance insights for face validity. By uti-
lizing process mining, including its visually appealing discovered process models,
simulation modelers can provide a novel way to ensure that simulated processes
and outcomes are consistent with real-world systems. This can contribute posi-
tively to performing face validity assessments.

In simulation models, outliers can significantly impact the model’s valid-
ity. Outliers, which lie an abnormal distance from other values (in an arbitrary
sample), can draw attention to unusual behavior, either raising doubts about
or reinforcing the model’s credibility. Outliers also play a key role in conduct-
ing face validity checks. By identifying and addressing outliers, the accuracy
and reliability of a simulation model can be enhanced, leading to more valid
conclusions and improved decision-making. Outliers can reveal important and
unexpected behaviors that capture a wide range of real-world phenomena. By
verifying that certain cases are indeed outliers, the model’s face validity can be
strengthened. For instance, in a disease spread simulation model, the identifica-
tion of an outlier case as a ‘super-spreader’ can bolster the model’s face validity
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by accurately representing the significant impact of super-spreaders on disease
spread in real-world scenarios. Conversely, outliers may also compromise the va-
lidity of a simulation model if their existence is doubted or considered unrealistic
by experts in the field.

In this paper, we propose an approach that employs process mining tech-
niques to detect outlier behaviors in agent-based simulation (ABS) models, with
the goal of enhancing the face validity assessment process. While face validity is
generally essential for many types of simulation, it is particularly important for
ABS [15]. The distinctive attributes of ABS models, including the representa-
tion of heterogeneous agents and the emphasis on emergent behavior, underscore
the criticality of emphasizing face validity in this domain. Our study makes two
main contributions: (1) we apply process mining techniques to extract and iden-
tify outlier behaviors from an ABS model, and (2) we incorporate human exper-
tise to conduct a face validity assessment on the knowledge extracted through
process mining, thereby reinforcing human judgement in the evaluation process.
We demonstrate the versatility and potential usefulness of our approach using
the Schelling model of segregation, a popular ABS model, and show how it can
be applied to various scenarios of the ABS model. Our approach is guided by
Peffers’ Design Science Research Methodology [21], as reflected in the structure
of this article.

The remainder of this paper is organized as follows. Section 2 describes back-
ground on face validity for ABS models and how process mining can enhance
the face validity of ABS modeling practices. Section 3 presents our approach.
Section 4 demonstrates our approach through an illustrative scenario. Finally,
Section 5 positions related work and Section 6 concludes and provides pointers
for further work.

2 Background

In this section, we begin by providing a concise overview of face validity tech-
niques for ABS models. Subsequently, we explore the potential benefits of incor-
porating process mining techniques into the face validity process of ABS models.

2.1 Face Validity Techniques for Agent-based Simulation Models

Model validation is the process of assessing the accuracy of a simulation model
in representing a real-world system with respect to the study objectives [3] (see
also Figure 1). This involves comparing the model’s output to empirical data,
experimental results, or expert knowledge to ensure that it realistically represents
the system being modeled. Face validity is one specific validation technique,
which is considered to be relatively informal and subjective [24]. It involves
soliciting feedback from individuals who are knowledgeable about the system
being modeled to determine whether the model and its behavior are reasonable
and realistic.
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Fig. 1: Verification and validation of a simulation model (adapted from [22]).

Several face validity techniques have been proposed in the literature, and
these techniques are not necessarily mutually exclusive. Table 1 provides an
overview of these techniques. Ideally, these techniques should be conducted by
independent groups of human experts [15]. While there are other face validity
techniques in the field of simulation modeling, our study focuses specifically on
techniques related to ABS models. Focusing on ABS models narrows the scope
and limitations of our research to a more specific domain.

The methodology for conducting a rigorous face validity assessment of a sim-
ulation model is subject to debate and may depend on various factors. However,
several general guidelines can be proposed. Firstly, evaluators must possess suf-
ficient knowledge and expertise about the system being modeled. Secondly, the
model must be transparent and comprehensible to the evaluators. It should have
explicit explanations of its assumptions, inputs, and outputs. Thirdly, evaluators
should be presented with realistic scenarios that accurately reflect the system’s
expected behavior. Finally, face validity assessment should be considered an iter-
ative process, with modifications made to the model based on feedback received
from the evaluators.

2.2 Achieving Face Validity through Process Mining Techniques

Process mining provides a data-driven approach to supplementing the face valid-
ity process of simulation models. It facilitates a comparison between real-world
processes and the behavior of the simulation model (see Figure 2). By extracting
information about the actual execution of processes from event logs generated
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Table 1: Face validity techniques for ABS models reported in literature.
Name Reference(s) Description

Animation [15, 28] Graphical display of model behavior over time
Output as-
sessment

[15] Check the plausibility of absolute values, relations, dy-
namics, and trends of output values in simulation runs

Immersive
assessment

[15] Evaluate the behavior of an isolated simulated agent by
observing its perceptions and reactions through its in-
terface. The expert can also assess the behavior of other
agents by interacting with the human-controlled agent if
the interface allows participation

Turing test [9, 28] Test if experts distinguish between model-generated and
real-world data

Graphical
representa-
tion

[28] Visualize the model’s output data with graphs

Tracing [28] Isolated entities in the model are monitored for their be-
havior

Internal va-
lidity

[28] Compare the results of multiple replications of a stochas-
tic simulation model using different random seeds. Incon-
sistent sample points resulting from the random number
generators indicate issues with either the programming
model or the conceptual model

Historical
data valida-
tion

[28] When historical data is available, the model is built using
a portion of the data (training sets), and the remaining
data (test sets) is used to verify whether the model em-
ulates the behavior of the system

Sensitivity
analysis

[28] Model input and parameters are adjusted to examine
their impact on the model’s behavior and input, with
the expectation that the model will reflect the real sys-
tem. Sensitive parameters, which significantly affect the
model’s behavior, must be accurately determined before
the model can be utilized

Predictive
validation

[28] Compare the model’s predictions to actual system behav-
ior, which can be obtained from operational systems or
experiments, including laboratory or field tests

by both real-life processes and simulation models, process mining techniques can
discover process models that graphically represent the flow of activities in a chart
(e.g., through nodes, activities, and gateways). The discovered process models
and performance insights, such as throughput and waiting times, can provide
valuable insights into the execution of activities. For instance, comparing the
extracted process model with the expected real-life behavior as determined by
experts can enhance the validity of a simulation model by identifying discrepan-
cies. Process mining can provide a systematic approach for analyzing data and
identifying outliers or deviations from expected patterns.
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Fig. 2: Visual representation of using process mining techniques to assess the
face validity of a simulation model.

To our knowledge, there is limited research on using process mining to en-
hance the face validity of ABS models. Although some studies may implicitly
employ process mining methods, few explicitly discuss their use in the con-
text of face validity or related terms (see Section 5) such as plausibility checks.
Nonetheless, we believe that process mining techniques can serve as a valuable
tool for assessing the face validity of simulation models, as per the guidelines
outlined in the preceding subsection. Firstly, assessors of agent-based systems
are expected to possess domain knowledge about the system being modeled and
its Key Performance Indicators (KPIs). Process mining techniques can provide
insights into a wide range of performance indicators that align with the mod-
eled system’s KPIs. Secondly, the results obtained through process mining are
based on the analysis of event logs, allowing users to trace the flow of events
and understand how the results were obtained. This is important for accurately
representing emergent behavior, interaction dynamics, and outlier behaviors in
ABS models. Furthermore, visually engaging mined process models can enhance
usability and comprehensibility among individuals who lack specialized exper-
tise in the field of process mining but are familiar with the agent system being
modeled [6]. Thirdly, evaluators can be presented with specific scenarios of pref-
erence or interest (e.g., outlier behaviors) based on event records that describe
the actual functioning of the system due to the granularity and sophistication
of process mining techniques and many available tools (e.g., for filtering traces)
[23]. Finally, process mining can be used iteratively to enhance face validity by
regularly comparing the simulation model’s behavior with real-world processes.
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For example, real-time streaming of event data, combined with validity checks
at set intervals, allows for monitoring of the model’s performance and identifica-
tion of exceptional behaviors. Injecting new event logs provides additional data
points for testing and refining model performance, thereby enhancing accuracy.

3 An Approach for Assessing Face Validity

In this section, we present an approach for assessing face validity of ABS models.
We first provide an overview of the approach and then discuss each step of the
approach in detail. Our approach is illustrated in Figure 3 and comprises six
steps that leverage execution logs extracted from an ABS model.

Approach

Experts
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controls
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Fig. 3: A face validity assessment approach of ABS models using process mining.

Step 1: Collect and prepare data. The initial step involves selecting, clean-
ing, and aggregating (event) log files from the real-world system being modeled.
These files are then prepared for analysis using process mining techniques, which
entails locating the raw data, migrating and transforming it into an event log
file format, and pre-processing the data (e.g., filtering and cleaning).

Step 2: Apply process mining algorithm(s). The next step involves using
process mining techniques to extract information about the actual execution
of processes from the event logs. In this step, we select appropriate process
mining discovery techniques to mine process models and assess their quality.
This assessment is important as multiple process models may be generated,
and their representation quality (e.g., fitness and precision) and other quality
indicators (e.g., number of event logs) must be considered.

accepted manuscript, to cite:  
Bemthuis, R., Lazarova-Molnar, S. (2024). An Approach for Face Validity Assessment of Agent-Based Simulation Models Through  

Outlier Detection with Process Mining. In: Proper, H.A., Pufahl, L., Karastoyanova, D., van Sinderen, M., Moreira, J. (eds) Enterprise 
Design, Operations, and Computing. EDOC 2023. Lecture Notes in Computer Science, vol 14367. Springer, Cham.  

https://doi.org/10.1007/978-3-031-46587-1_8



8 R. Bemthuis and S. Lazarova-Molnar

Step 3: Identify and characterize potential outliers. The third step entails
ensuring that the obtained process model and insights can be used to identify
potential outliers. This can be achieved by displaying different abstractions of
the process model through filtering to examine specific aspects of the process.
Additionally, the process model can be augmented with various process metrics
(i.e., KPIs), such as frequency metrics (e.g., absolute and case frequency, max-
imum number of repetitions), performance metrics (e.g., total duration, mini-
mum/median/maximum duration), or combined metrics. The identified outliers
can then be characterized to understand their deviation from the norm. This
involves analyzing their attributes and features to determine their uniqueness
or difference, which may involve examining the attributes of the process, the
context of the outlier, and potential contributing factors.

Step 4: Present face validation techniques for outlier behaviors. The
fourth step involves selecting, configuring, and presenting appropriate face val-
idation techniques for use by human assessors, such as visual inspection of the
model’s behavior and solicitation of feedback from domain experts. Table 1
presents additional examples of face validity techniques. The specific techniques
chosen depend on the nature of the ABS and process insights, as well as the
availability of relevant data and expertise. Individuals familiar with the system
being studied should be instructed on the use of the face validity procedures.

Step 5: Expert assessment. The fifth step involves having experts assess
whether the behaviors presented through the use of process mining techniques
are plausible. These experts can identify any discrepancies between the simula-
tion model and the real-world system, or confirm the accuracy of the model’s
representation of system behaviors.

Step 6: Iterate and refine. After conducting a face validity check and es-
tablishing sufficient credibility in the ABS model, it is common to proceed with
other validation assessments, such as quantitative statistical analysis. However,
adjustments may be made to the simulation model to more accurately represent
reality and followed by additional face validity assessments. This iterative process
involves assessing the simulation model’s behavior against real-world processes
and making modifications based on feedback from the face validity assessment.
This can gradually improve the accuracy and reliability of the ABS model, lead-
ing to more valid conclusions and better decision-making. The iteration process
can also involve refining previous steps, such as addressing new potential outlier
behaviors based on feedback from human assessors and involving different or
new experts in conducting face validity assessments.

4 Illustrative Scenario

In this section, we present an illustrative scenario demonstrating the applica-
tion of our approach using the Schelling model of segregation. We introduce the
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scenario and detail the key actions taken to apply our approach. Selected out-
comes are presented for clarity and conciseness, with a focus on the illustrative
nature of the scenario. We conclude by summarizing the lessons learned and the
challenges encountered.

4.1 The Schelling Model of Segregation

The Schelling model of segregation is a social simulation model that demon-
strates how individual preferences can lead to large-scale social patterns, even
with low levels of discrimination or prejudice [26]. The model has been applied
in various research fields, has inspired policy-makers and planners to develop
strategies for promoting diversity and reducing segregation in urban areas, and
has also served as a basis for developing other simulation models exploring social
phenomena.

In the classic Schelling segregation model, a grid representing a housing mar-
ket is filled with individuals who possess a “tolerance threshold” for the per-
centage of their neighbors that must be of the same race or ethnicity [26]. As
the simulation progresses, individuals who are not satisfied with their neighbors
relocate to new positions on the grid that meet their tolerance threshold. This
can result in the formation of highly segregated neighborhoods as individuals
with similar traits congregate. This congregation can occur even when individ-
ual preferences are not extreme but rather moderate.

Conducting a face validation assessment through process mining for the
Schelling model of segregation is relevant for several reasons. First, process min-
ing techniques can help identify and characterize outliers in the simulation model
that may undermine or fortify its validity. By addressing these outliers, the ac-
curacy and reliability of the model can be improved, which can lead to more
valid conclusions and better decision-making. Second, the Schelling model of
segregation is a widely recognized and influential social simulation model that
has been applied in various fields of research. Ensuring its face validity is im-
portant for maintaining its credibility and usefulness as a tool for understanding
complex social phenomena and for the wider (agent-based) simulation modeling
community.

4.2 Demonstration of the Approach

Step 1: Collect and prepare data. For our ABS model, we used the Schelling
model implementation described by [7], which we modified using Python 3.6.9
and the AgentPy 0.1.5 library [11]. We limited extraction to the event logs of
the scenarios presented in Table 2. These scenarios cover a variety of situations
and differentiate among several model parameters. “Ruleset type” refers to the
model’s configuration where either all agent groups have the same tolerance
threshold (homogenous population) or all but one agent group have the same
tolerance threshold (heterogeneous population).

Table 3 provides an example of a produced event log. The activities included
three types: moveLocation (i.e., an agent moves from one location to another),
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Table 2: Scenarios of the Schelling model considered for event log extraction.
Scenario Density Grid size Ruleset type Tolerance threshold

1 0.80 20x20 homogeneous 0.55
2 0.70 20x20 homogeneous 0.55
3 0.70 20x20 homogeneous 0.20
4 0.70 20x20 heterogeneous 0.10

changeHappy (an agent’s status changes from happy or unhappy to happy), and
changeUnhappy (an agent’s status changes from happy or unhappy to unhappy).
For the timestamp, we adopted a similar approach to that described by [7]. We
assigned a sequential counter to each step in the model’s execution based on the
order in which it occurred chronologically.

Table 3: An excerpt of an event log generated.
timestamp counter activity caseID coordinates directNeighbors happinessLevel

2022-01-01 12:31:05 0 changeHappy 23 18,5 2, 14, 22, 87 0.75
2022-01-06 09:00:00 0 moveLocation 55 6,3 13, 16, 56, 61, 81 0.84
2022-01-06 09:00:00 1 changeHappy 13 5,2 8,16,41,55,56,77,83 0.90
2022-01-06 09:00:00 2 changeUnhappy 16 6,2 3,13,55,56,77,81 0.45
2022-01-06 09:00:00 3 changeUnhappy 56 5,3 8,13,16,41,55,61 0.29
2022-01-06 09:00:00 4 changeHappy 61 6,4 6,31,55,56,73,81 0.66
2022-01-06 09:00:00 5 changeHappy 81 7,3 2,16,55,61 0.78
2022-02-01 10:23:00 0 moveLocation 33 11,16 5,25 0.81

For analysis purposes, we concatenated the naming convention of an activity
to include both the number of neighbor agents and the number of neighboring
agents of a similar group (i.e., changeHappy X Y, where X = number of neigh-
bors and Y = number of neighbors of a similar group). This naming convention
ensured that there was sufficient data to obtain a realistic overview of multiple
scenarios while keeping the entire process manageable in size.

Step 2: Apply process mining algorithm(s). When conducting a face va-
lidity assessment based on event logs produced by an agent-based system, the
choice of process mining discovery algorithm depends on the specific character-
istics of the data and the desired outcome. For instance, if the data contains a
significant amount of noise or if the process being modeled is less structured,
then the Fuzzy Miner might be a more suitable choice [13]. However, if the data
is relatively clean and well-structured, then the Heuristic Miner might be more
appropriate [12].

We chose the Fuzzy Miner for its efficiency and ease of use with less struc-
tured processes. By using significance/correlation metrics to simplify the process
model, it provides reliable results for complex data sets [13]. It can also exclude
or cluster less important activities. The Fuzzy Miner can animate the event log
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on top of the created model, providing an understanding of dynamic process
behavior, which is desirable for assessing face validity. We selected Disco as our
process mining tool due to its usability, fidelity, and performance [14].

Step 3: Identify and characterize potential outliers. We employed pro-
cess mining techniques to filter the representations and present outlier behaviors.
As an illustration, we demonstrate how animation, output, and immersive as-
sessments (as described by [15]) can be conducted. For the identification and
characterization of outliers, we analyzed the attributes and features of (poten-
tial) outlier behaviors. Further details and visual representations are provided
in the following step.

Step 4: Present face validation techniques for outlier behaviors. We
demonstrate the application of three face validity techniques: animation, output,
and immersive assessment. Due to space constraints, we present only a selection
of these outcomes. In the following, we provide examples of the information that
could be presented to an individual tasked with assessing validity. The next step
presents an example of an expert assessment.

Animation Assessment: We created a graphical representation that displays the
progress of the graphical model behavior over time in distinct time intervals.
All paths and activities were shown, allowing the assessor to visually observe
exceptions and identify possible deviations. Figure 4 shows a snapshot of the
animation shown for scenario 2. The evaluator can examine various behaviors
from the animation and focus on outliers based on attributes such as color and
arrow thickness. This animation is particularly useful for intuitively identifying
and highlighting bottlenecks in the process. When numerous cases accumulate
on a specific arc, causing congestion, the tool aggregates these cases into larger
“bubbles”, emphasizing bottlenecks in the process.

Output Assessment: We generated a graphical representation of the case dura-
tion (i.e., steps conducted by an agent), supplemented by additional statistics
such as the number of events, cases, and activities for agents that exhibited
movement at least once. Figure 5 illustrates an example of the visual represen-
tation employed for scenario 2. This visual representation enables experts to
conduct an initial assessment of the plausibility of the ABS model. Using this
example, the expert can evaluate extreme cases, such as case durations with the
highest number of cases, or identify trends.

Immersive Assessment: We identified agents that deviated from the average
behavior by analyzing cases with an exceptionally high number of associated
events, indicating unusual frequency in their movement patterns. A detailed
overview of each agent’s activities, including timestamps and happiness status,
was provided to the human assessor for evaluation. Since activity names encode
information about both the number of neighbors and the number of neighbors
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Fig. 4: Snapshot of the graphical animation used for scenario 2.

Fig. 5: Example representation used for output assessment of scenario 3.

belonging to a similar group, this information could provide valuable insights
into the validity of the ABS model. Tables 4 and 5 present examples of an
agent’s trace.

Table 4: An excerpt of traces used
for immersive assessment for sce-
nario 1, case 206 with 112 events.
Activity Time happinessLevel

... ... ...
change happy 4 3 01:01:17 false
change unhappy 7 3 01:01:19 true
move location 01:01:20 false
move location 01:01:21 false
change happy 5 3 01:01:21 false
change unhappy 2 0 01:01:22 true
... ... ...

Table 5: An excerpt of traces used
for immersive assessment for sce-
nario 4, case 248 with 6 events.
Activity Time happinessLevel

move location 01:00:01 false
move location 01:00:02 false
move location 01:00:03 false
move location 01:00:04 false
move location 01:00:05 false
change happy 8 3 01:00:05 false

Step 5: Expert assessment. We provided an expert with a template that in-
cluded an introduction to the ABS model, its purpose, the assessment method,
and instructions for evaluation. The evaluation criteria were listed, and space
was provided for the expert to record their observations and provide feedback
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on the face validity of the ABS model’s outcome. The evaluation criteria in-
cluded: (1) accurate representation of the real-world system being modeled; (2)
consistency of agent behavior with their real-world counterparts; and (3) plausi-
bility of the overall simulation model outcome. A human assessor evaluated the
face validity based on the artifacts discussed in step 4. The expert evaluated the
face validity and scored it as either ‘plausible’ or ‘not plausible’. The assessment
results and conclusions regarding the face validity of the ABS model’s outcome
were summarized, and selected outcomes are reported below.

During both the animation and immersive assessments, an observation was
made regarding the perceived unrealistic movement time of agents from one lo-
cation to another. While this can be attributed to model limitations as described
by [7], it is not considered plausible in reality. Another concern, as discovered
during the animation assessment, was the simultaneous movement of multiple
agents at similar time steps. While this may be attributed to exceptional real-
life behaviors or administrative practices in the housing market (e.g., movements
designated as “official” at the start of a new day), its repeated occurrence during
the animation led the human assessor to deem this model behavior not plausible
in reality.

During the output assessment of scenario 3 (Figure 5), the human assessor
observed two distinct peaks. The first peak occurred at the beginning when 16
cases were satisfied after a single move, possibly due to dissatisfaction with a
single neighbor. The second peak involved 17 cases that continued to move after
100 time units, representing approximately 6% of the total population. This
observation raised concerns about the validity of the ABS model and warrants
further investigation, as it was perceived as not plausible in reality.

In addition to the previously mentioned unrealistic timing of events, the im-
mersive assessment yielded mixed results regarding the model’s validity as de-
termined by the assessor. For example, the event log trace of case 206 in scenario
1 (as depicted in Table 4) indicates a not plausible number of agent movements,
while the observed pattern of transitioning between happy and unhappy states
was deemed consistent with real-world practices.

Step 6: Iterate and refine. Currently, this step is still in progress. Further
examination is needed to thoroughly explore the discrepancies. Discussions are
also underway about implementing our approach on a real-world dataset and
involving policy-makers, real estate agencies, homeowners or renters in the panel
of experts to validate the Schelling model.

4.3 Discussion

In this subsection, we briefly discuss the lessons learned and open challenges
encountered during our case study. Our findings suggest that the outcomes ob-
tained through process mining techniques were intuitive and easy to follow, mak-
ing the assessment process relatively efficient. However, we also identified a need
for more structured approaches to conducting face validity assessments of ABS
models using process mining techniques.
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One challenge we encountered was matching the KPIs used in practice with
those obtainable through process mining techniques. Further research is needed
to address this issue and ensure that KPIs used in face validity assessments are
appropriate and well-known to experts. Another open research question concerns
addressing the adaptive or changing behavior of agents in ABS models, as also
highlighted by [5, 6]. Concept drift incorporation into face validity assessments is
also important. Further research is needed to develop methods for incorporating
dynamic aspects of ABS models, such as their evolving nature, heterogeneity,
and complex interactions, into face validity assessments.

We evaluated our proposed method using a segregation model across four sce-
narios. Although a comprehensive presentation of results for each scenario based
on established criteria could provide valuable insights, we have chosen to empha-
size only specific findings in this paper due to resource and time constraints as
well as limited publication space. It is important to note that our evaluation was
limited by our reliance on a single expert opinion for behavior assessment and
the application example used in our study may not be representative enough to
make more fundamental statements.

5 Related Work

Previous research highlights the importance of face validity in enhancing ABS
model credibility. Several methods, including expert panels and stakeholder en-
gagement (see e.g., Table 1), have been proposed for assessing face validity. The
benefits of incorporating face validity assessments in ABS model design and im-
plementation for decision-making and policy development are also emphasized.

For example, [27] developed a computational model of collaborative learn-
ing health systems using an agent-based approach and demonstrated its initial
computational and face validity. The authors demonstrated face validity by ex-
amining the effects of varying a single parameter. However, they acknowledge
the model’s face validity for a wide range of stakeholders is unknown and call
for further refinement through collaboration with experts. In other work, [2]
proposed a framework for evaluating health care markets through agent-based
modeling and presented a face-validity assessment procedure by examining the
degree to which empirical studies support key theorized relationships within
health care markets and comparing them with relationships generated by their
model. Furthermore, [18] presented an agent-based model of a stock market that
incorporates common-sense evidence and implements realistic trading strategies
based on practitioners’ literature. The model was validated using a four-step
approach consisting of face validity assessment, sensitivity analysis, calibration,
and validation of model outputs.

In the process mining domain, [17] used semi-structured interviews to eval-
uate the face validity of process mining results, but the specific questions used
during the interviews were not reported. In the ABS domain, [8] used numerical
simulations to test the face validity of a part of their ABS model. While the
authors’ findings support the plausibility of the outcomes within the theoretical
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framework, they advocate for further empirical estimation of model parameters
through real-world measurements. Work described in [19] used feedback from a
project manager to assess the face validity of their model. In [4], the authors
conducted an exploratory study on face validity assessment in ABS models,
presenting a proof-of-concept that combines process mining with visualization.
Their results provide initial evidence of the effectiveness of this approach, but
also highlight the need for further research to gain a finer-grained understanding
of agent-level dynamics, such as studying emergent behaviors at specific group
levels, including outlier behaviors.

Our work builds upon previous research by applying existing process mining
techniques to identify outliers in an ABS model and having a human expert as-
sess these outliers. Previous approaches focused on ensuring that KPIs, such as
average cycle time or work-in-progress levels, aligned with observed KPIs, but
neglected to investigate outlier behavior. By including this behavior, we pro-
vide meaningful insights into the validity of an ABS model. Furthermore, by
incorporating process mining techniques into the design and execution of ABS
models, we enable face validity assessments even for non-experts. Our proposed
approach, combined with the application of the Schelling model of segregation,
represents an initial step towards analyzing complex socio-technical systems typ-
ically modeled and simulated using agent-based techniques.

6 Conclusion and Future Work

In this paper, we presented an approach using process mining techniques to
detect outliers in ABS models and evaluate their face validity. Our approach
leverages human expertise to perform a face validity assessment on the informa-
tion obtained from the process mining analysis, focusing on outlier behaviors. We
demonstrated our approach using the Schelling model of segregation and showed
how it can be used to assess face validity. In particular, we demonstrated how an-
imation, output assessment, and immersive assessment can be employed as face
validity techniques for ABS models. This study offers valuable insights for en-
hancing the face validity assessment process of ABS models using process mining
and holds broader potential for advancing the field of simulation modeling.

Our study findings are subject to validity threats due to the complexity of
ABS models and the need for specialized face validation techniques to accurately
capture agent behavior and emergence. We focused on a small set of techniques
and demonstrated our approach in a limited experimental environment, limit-
ing the generalizability of our results. Face validity is subjective and reliant on
the validator’s judgment, making it challenging to standardize or quantify results
and potentially leading to inconsistencies in the validation process. Additionally,
our inspection of a restricted subset of simulation outputs may fail to capture
essential aspects of the simulation’s behavior, potentially resulting in an incom-
plete evaluation of the model’s validity. Nevertheless, ABS models have unique
characteristics such as complex agent interactions, stochasticity, and emergent
behaviors, making them challenging to comprehensively assess by experts.
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Future work will involve refining and extending our approach by adapting
ABS models to various domains and settings, investigating a broader range of
process mining techniques, and including insights from existing literature on
face validity within the broader context of simulation modeling and analysis.
We plan to conduct a more extensive user evaluation, such as a discussion panel,
to assess the practical relevance and generalizability of our findings. Addition-
ally, implementing a more formalized or automated approach could facilitate a
more systematic face validity assessment, particularly as our approach primarily
outlines what should be done without specifying how it can be achieved (e.g.,
selecting appropriate process mining techniques). Finally, it would be interest-
ing to apply our proposed method to a simulation model that excels in terms of
KPIs but struggles to simulate accurately outlier behavior.
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