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A B S T R A C T

Business Process Simulation (BPS) is an approach to analyze the performance of business processes under
different scenarios. For example, BPS allows us to estimate the impact of adding one or more resources on the
cycle time of a process. The starting point of BPS is a process model annotated with simulation parameters
(a BPS model). BPS models may be manually designed, based on information collected from stakeholders
and from empirical observations, or automatically discovered from historical execution data. Regardless of its
provenance, a key question when using a BPS model is how to assess its quality. In particular, in a setting
where we are able to produce multiple alternative BPS models of the same process, this question becomes: How
to determine which model is better, to what extent, and in what respect? In this context, this article studies
the question of how to measure the quality of a BPS model with respect to its ability to accurately replicate the
observed behavior of a process. Rather than pursuing a one-size-fits-all approach, the article recognizes that a
process covers multiple perspectives. Accordingly, the article outlines a framework that can be instantiated in
different ways to yield quality measures that tackle different process perspectives. The article defines a number
of concrete quality measures and evaluates these measures with respect to their ability to discern the impact
of controlled perturbations on a BPS model, and their ability to uncover the relative strengths and weaknesses
of two approaches for automated discovery of BPS models. The evaluation shows that the proposed measures
not only capture how close a BPS model is to the observed behavior, but they also help us to identify the
sources of discrepancies.
1. Introduction

Business Process Simulation (BPS) is a technique for estimating the
performance of business processes under different scenarios [1]. BPS
is commonly used to estimate the impact of business process changes
prior to their implementation [2]. For example, BPS enables analysts
to address questions such as ‘‘what would be the cycle time of a
process if one or more resources became unavailable?’’, ‘‘how many
more resources are needed to maintain the current cycle time of the
process if the number of new cases per day increases by 20%’’, or ‘‘what
would be the impact of automating an activity on the waiting times of
other activities in the process?’’.

The starting point of BPS is a process model, e.g. in the Busi-
ness Process Model and Notation (BPMN),1 enhanced with simulation

∗ Corresponding author.
E-mail addresses: david.chapela@ut.ee (D. Chapela-Campa), ismail.benchekroun@mail.utoronto.ca (I. Benchekroun), opher.baron@rotman.utoronto.ca

(O. Baron), marlon.dumas@ut.ee (M. Dumas), dmitry.krass@rotman.utoronto.ca (D. Krass), sariks@yorku.ca (A. Senderovich).
1 https://www.bpmn.org/

parameters [3] (herein, a BPS model). These simulation parameters
capture, for example, the processing times of each activity or the rate
at which new process instances (cases) are created.

BPS models may be manually created based on information col-
lected via interviews or empirical observations, or they may be au-
tomatically discovered from execution data recorded in process-aware
information systems (event logs) [4–7]. Regardless of its provenance, a
key question when using a BPS model is how to assess its quality. This
question is particularly relevant for the automated discovery of BPS
models, when tuning the simulation parameters of a discovered BPS
model to obtain the version that better reflects the observed behavior
of the process. Indeed, each time we perturb the parameters of a
simulation model, we effectively derive a new simulation model from
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an existing one. The question is then: Is the perturbed simulation model
better than the unperturbed one, to what extent, and in what respect?

Several approaches have been proposed to address this problem.
However, these approaches are either manual and qualitative [7] or
they produce a single number that does not allow one to identify
the source(s) of deviations between the BPS model and the observed
reality [4,8].

In this context, this article studies the problem of measuring the
quality of a BPS model. More concretely, we tackle the problem of
determining whether a BPS model’s output has the accuracy required
for its intended purpose, a problem also known as ‘‘operational val-
idation’’ [9]. The article approaches this problem using a historical
data validation approach [9], which seeks to measure the ability of a
simulation model to replicate the actual behavior of a system (in our
context, a process). To this end, we assume that we are given as input
a historical dataset of executions of the process (an event log), and we
measure to what extent the events produced by a run of the simulation
model (a simulated log) are similar to those in the given event log.

Rather than seeking to produce a single quality measure, the article
starts from the premise that the quality of a simulation model should
be measured from different perspectives. For example, a BPS model
may be better than another from a control-flow perspective (i.e. the
sequences of activity labels it produces), but worse from a temporal
perspective (i.e. the timing of the activity instances). Accordingly,
the article proposes a framework that can be instantiated to define
quality measures that capture different perspectives of a process. The
overarching idea of the framework is that a BPS quality measure
based on historical execution data needs to first filter and project this
historical data to retain the data that is relevant to a given process
perspective, then transform the data into an abstract representation
capturing the behavior we seek to measure, and finally compare the
abstract representation of the simulated log with the ground-truth event
log, for example, via a distance function. Individual quality measures
can be derived from the proposed framework by selecting concrete
functions for filtering, projecting, and abstracting (transforming) the
event logs, and for comparing the resulting abstractions.

We conduct a two-pronged evaluation of the measures using syn-
thetic and real-life datasets. In the synthetic evaluation, we study the
ability of the proposed measures to discern the impact of perturbations
to a BPS model. This evaluation corresponds to the use-case where the
quality measure is used to calibrate a simulation model by perturbing
an initial one. In the second evaluation, based on real-life datasets, we
analyze the ability of the proposed measures to uncover the relative
strengths and weaknesses of two approaches for automated discovery
of BPS models. This latter evaluation corresponds to the use case where
the evaluation measures are used to compare BPS models generated by
different approaches.

This article is an extended and revised version of a previous confer-
ence paper [10]. The conference version outlined a number of quality
measures of BPS models.2 While the proposed measures covered dif-
ferent perspectives of a BPS model, each quality measure was defined
in isolation. The article extends the work presented in the conference
paper with the following contributions:

• It proposes a unified framework for the definition of BPS model
quality measures. Individual quality measures (including those
proposed in the conference paper) are obtained by instantiating
this framework with specific functions.

• It provides formal definitions of the proposed quality measures.
• It proposes an additional quality measure to cover the resource

(workforce) perspective of business processes, and evaluates its
applicability.

2 The proposed measures are publicly available as a Python package (log-
istance-measures) installable from pip. More details about the source code

can be found in the ‘‘Reproducibility ’’ section at the end of this article.
2 
The rest of the article is structured as follows. Section 2 gives an
overview of prior research related to the discovery and evaluation of
BPS models. Section 3 introduces relevant process mining concepts
and distance measures. Section 4 analyzes the problem and proposes a
framework for measuring the quality of BPS models. Section 5 presents
a set of measures obtained by instantiating the proposed framework.
Section 6 discusses the empirical evaluation. Section 7 reflects on the
BPS quality assessment problem and the role of the proposed frame-
work and measures. Section 8 describes the limitations of our proposal
and of the presented evaluation, and Section 9 draws conclusions and
sketches future work.

2. Background

2.1. Business process simulation models

A BPS model consists of (i) a stochastic control-flow model, (ii)
an activity performance model, and (iii) an arrival and congestion
model. The stochastic model is composed of a process model (e.g., a
BPMN model or a Petri net) and a stochastic component capturing
the probability of occurrence of each path in the model (branching
probabilities). In a BPS model, the stochastic model is enhanced by
adding an activity performance model, which determines the duration
of the activity instances (e.g., by associating a parametric distribution
to each activity in the model). Finally, in a BPS model, an arrival and
congestion model determines when new cases arrive in the system, and
when the execution of each enabled activity instance starts, given the
available resource capacity.

Traditionally, BPS models are constructed manually by experts.
Recent approaches advocate for the automated discovery of BPS models
from event logs. Below, we consider two such approaches. The first
one, namely SIMOD [4], starts by constructing a stochastic process
model by applying the SplitMiner algorithm [11] to discover a BPMN
model from the input log, and replaying the traces of the log to cal-
culate the branching probabilities. Next, SIMOD discovers the activity
performance model (activity duration distributions) and a congestion
model consisting of: (i) a case inter-arrival time distribution; (ii) a set of
resources, their availability timetables, and the activities they perform;
and (iii) the distribution of extraneous waiting times between activities
(i.e. waiting times not attributable to congestion) [12]. Once a BPS
model is discovered, its parameters are tuned to fit the data using a
Bayesian hyper-parameter optimizer.

The second BPS model discovery technique we consider is ServiceM-
iner©. ServiceMiner operates in three steps: (i) data preprocessing,
where techniques for data cleaning and categorical feature encoding are
applied; (ii) data enhancement, where new data attributes that capture
trend, seasonality, and system congestion are created using methods
described in [13]; and (iii) model learning, where the BPS model is
created by combining process discovery, queue mining (learning of
queueing building blocks from data), and machine learning (to boost
the accuracy of arrival and activity time generation). For process
discovery, ServiceMiner mines a Markov chain, estimating the case
routing probabilities between consecutive activity pairs. An abstraction
mechanism allows for filtering out rare activities, paths, and transitions.
Next, using queue mining, the various queueing building blocks are
fitted from data, by using techniques described in [14]. Lastly, Ser-
viceMiner applies a machine learning technique that uses congestion
features that come from queueing theory, which, via cross-validation,
leads to accuracy improvements when generating inter-arrival times
and activity durations.

While the evaluation reported below focuses on BPS models dis-
covered by SIMOD and ServiceMiner, the proposed measures can be
used to assess the quality of any model that generates event logs. For
example, the proposal can also be used to evaluate generative deep
learning models of business processes [5]. On the other hand, it cannot
be used to assess coarse-grained BPS models, e.g., based on system

dynamics [15], unless these are refined to generate event logs.

https://pypi.org/project/log-distance-measures/
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2.2. Quality assessment of generative models

BPS models are, in essence, generative models specialized in produc-
ing data of a specific business process. For this reason, we first analyze
the field of Machine Learning (ML), in particular previous studies on
how to compare or assess the quality of generative models. However,
there is no wide consensus on how to tackle such a problem [16], and
ML literature is highly populated with domain-dependent solutions.
For example, the evaluation of generative models in computer vision
typically focuses on both the quality and the quantity of the generated
data [16], e.g., through human annotation and statistical properties
comparisons, respectively. These approaches are domain-dependent
and not relevant in the world of business processes.

As the event logs generated by BPS models can be interpreted as
time-series data, we focus on ML studies [17] that propose several
comparison techniques for time series produced by generative models.
Some of these approaches advocate for the comparison of two gener-
ative models by comparing their generated time-series samples. There
are several methods to address qualitative comparisons, e.g., through
visualization techniques or human psycho-perceptual evaluations based
on expert judgments. In this article, we focus on automatable evalua-
tion measures and, thus, take inspiration from quantitative comparison
methods. Some proposals that stand out among them are (i) two-sample
tests that statistically compare the distributions of real and gener-
ated data by measuring the distance between the two distributions,
e.g., using the Maximum Mean Discrepancy (MMD); (ii) predictive
scores methods that use generated data to train a predictive model
and then evaluate its performance on a real validation set with metrics
such as Mean Squared Error (MSE); and (iii) TimeGAN-Specific Evalua-
tion [17], a combination of methods tailored specifically for time-series
data generated by a state-of-the-art model dubbed TimeGAN. Although
these methods are specific to the field of ML, they serve as inspiration
for a comparative framework of BPS models, that may be addressed by
comparing their generated data.

2.3. Quality measures for business process simulation models

Regarding the field of BPM, prior studies have considered the
evaluation of BPS models. Rozinat et al. [7] perform an evaluation
of BPS models following manual comparisons. However, they do not
propose concrete and automatable evaluation measures. On the other
hand, Camargo et al. propose in [4] an automated measure to assess the
quality of a BPS model that combines the control-flow and the temporal
perspectives. Nevertheless, this latter measure is not scalable, and it
does not identify the sources of discrepancies between BPS models.
To overcome these shortcomings, we propose an approach that views
the process from different perspectives and provides a separation of
concerns between BPS model components.

To the best of our knowledge, there is no prior work regarding
perspectives such as the temporal or workforce. However, some studies
have presented and analyzed measures to assess the quality of BPS
models w.r.t. control-flow perspective. Burke et al. studied in [18] the
evaluation of stochastic process models, empirically analyzing mea-
sures originally designed to assess different characteristics of the model,
e.g., simplicity [19], generalization [20], precision [21], etc. In their
study, they identify three stochastic quality dimensions: (i) adhesion,
representing the effort needed to transform one stochastic language
(e.g., the model’s) into another (e.g., the event log’s); (ii) entropy,
identifying the amount of information in the system; and (iii) simplicity,
measuring the structural complexity of the model. In this article, we
are interested in assessing the ability of the BPS model to replicate the
behavior of the process, and thus, we focus on measures related to the
adhesion dimension [22].

Regarding this property, Leemans et al. [22] and Camargo et al. [5]
independently proposed two measures that work on similar principles,

i.e., comparing the language of the stochastic process model with the l

3 
language recorded in the event log. To generate the language of the
stochastic process model, Leemans et al. propose in [22] to unfold the
stochastic model, obtaining all supported cases – i.e., activity sequences
– with their associated stochastic probability.3 Then, considering the
activity sequences recorded in the event log and their frequency of
occurrence as the language of the process, they use linear program-
ming [23] to compute the minimum effort needed to transform the
language of the stochastic model into the language of the process. In
this setting, the transformation corresponds to the pairing of probability
mass from each case in one language, to the probability of one or more
cases in the other language, considering the cost of each pairing as the
Damerau–Levenshtein distance between the two cases. Although this
proposal precisely generates the language of the stochastic model, its
unfolding requires an exponential complexity. Furthermore, solving the
language transformation as a linear programming problem also presents
a worst-case exponential complexity.

Reducing the exponential complexity, Camargo et al. [5] propose to
perform a simulation of the stochastic model, limiting the represented
language to the number of cases present in the event log. In this way,
potentially sacrificing language coverage in complex stochastic models,
the worst-case complexity of the language generation is reduced to
linear complexity. Consequently, as both languages have the same num-
ber of elements, the transformation becomes an assignment problem –
i.e., finding the bijection between the two sets of cases – and can be
solved by the Hungarian algorithm with a worst-case cubic complexity.

Although more associated with the entropy dimension, Leemans
et al. propose in [21] a different measure that evaluates the language of
the stochastic model without limiting its representativeness in the case
of infinite languages. Their proposal consists of generating the stochas-
tic deterministic finite automatons (SDFA) of the stochastic model and
event log, and projecting one SDFA into the other to compute the
supported common behavior. However, it presents a quadratic worst-
case complexity in the size of the SDFAs state space, which, for the
stochastic model, grows exponentially in the number of nodes.

3. Preliminaries

3.1. Event logs

Modern enterprise systems store records of business process execu-
tions, which can be used to extract event logs: sets of timestamped events
capturing the execution of the activities in a process [1]. In this article,
we assume that each entry recorded in an event log relates to a case,
an activity, a resource, a start timestamp, and an end timestamp (as in
Fig. 1(b)). However, the methodology of this article can be generalized
to include other life-cycle information (e.g., activity enablement).

Let  be the universe of events,  be the universe of case identifiers,
 be the set of possible activity labels,  the universe of resource
identifiers, and  be the time domain.

Definition 1 (Event Log). An event log 𝐿 is a pair 𝐿 = (𝐸, 𝜎), with 𝐸 ⊆ 
being a set of executed events, and 𝜎 = {𝜉, 𝛼, 𝜌, 𝜏𝑠, 𝜏𝑒} being a schema
(a set of attributes) assigning the following attribute values to events:

∙ 𝜉 ∶  →  assigns a case identifier,
∙ 𝛼 ∶  →  assigns an activity label,
∙ 𝜌 ∶  →  assigns a resource type,
∙ 𝜏𝑠 ∶  →  assigns the start timestamp of the executed activity,

and,
∙ 𝜏𝑒 ∶  →  assigns the end timestamp of the executed activity.

The event log 𝐿 resides in a universe of logs denoted by .

3 In practice, Leemans et al. propose to use a user-defined value to limit the
robability covered by the language of the stochastic model in case of infinite
anguages, i.e., loops.
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Fig. 1. Running example: process model and fraction of an activity instance log of a Procure-to-pay process.
Note that the notion of ‘‘event log’’ typically represents the time
information of each event as independent entries, with one entry
recording its start, and another entry recording its end. Furthermore,
there are cases in which event logs also store entries recording other
execution stages of an activity, e.g., schedule. In this article, we group
the information related to all stages of each activity execution in a
single element, i.e., an event. The transformation from a typical event
log to our definition of event log (usually referred to as ‘‘activity
instance log’’) is straightforward, and it has already been described in
other research [24]. Along the article, we will use both terms: event log
and activity instance log, to refer to the recorded process information as
in Definition 1; and event and activity instance, to refer to the recording
of an activity execution as in Definition 1.

In some scenarios, event logs may also store information regarding
varied process data. For example, objects associated with an activity
instance or trace (i.e., object-centricity) or attributes storing informa-
tion about the process (e.g., the amount of a loan offer or the total
price of a purchase order). Although measuring the quality of a BPS
model considering data attributes is out of the scope of this publication,
Definition 1 can be extended in order to support such information. In
addition, the proposed framework establishes a base for future research
on quality measures considering this extended data.

3.2. Measures for time-series and histogram comparison

To analyze the temporal performance of a process, an event log can
be mapped to a variety of time series (e.g., activity starts, activity ends).
Accordingly, we consider the use of techniques to quantify the distance
between two time series, 𝑥 = (𝑥1, 𝑥2,… , 𝑥𝑛), and 𝑦 = (𝑦1, 𝑦2,… , 𝑦𝑚), of
(potentially different) lengths 𝑛 and 𝑚, respectively.4 To this end, one
may employ various measures, such as computing ‖𝑥−𝑦‖𝑙 in any of the

4 Throughout the article, we will represent time series with temporal
frequency arrays – e.g., 𝑥 = (𝑥1, 𝑥2,… , 𝑥𝑛) –, a discrete representation of events
over time where, for 𝑖 = 1,… , 𝑛, 𝑖 indicates a specific instant in time and 𝑥𝑖
denotes the number of events recorded at that instant.
4 
standard norms (i.e., 𝑙 = 1, 2,∞).5 However, such comparisons would
only be possible after padding the shorter time series. In addition, stan-
dard norms do not capture the temporal differences between the two
time series. For example, a temporal shift in 𝑥 w.r.t. 𝑦 may only produce
a slight change in 𝑙1 or 𝑙2 norm, but represents a significant failure
in the model to capture time-series patterns properly. To overcome
the two limitations, namely (i) the need for padding and (ii) ignoring
temporal differences, a natural measure is the Wasserstein Distance
(WD) [26]. In this work, we consider two variations of WD.

• Earth Mover’s Distance (EMD) [22] computes the effort needed
to balance two vectors 𝑥 and 𝑦 of different lengths, treating
each entry 𝑥𝑖, 𝑦𝑗 as ‘masses’ to move from location to location
until the two time series are equal. EMD does not assume that
∑

𝑖 𝑥𝑖 =
∑

𝑗 𝑦𝑗 , i.e., the sum of the ‘earth mass’ to be moved can be
different. In such cases, we add a penalty for creating redundant
mass to fill in gaps. Herein, we consider the EMD problem with
absolute distance measure [27].

• 1st Wasserstein Distance (1WD) [27] is a computationally efficient
variation of the EMD. It introduces the constraint that the sum of
masses must be the same in 𝑥 and 𝑦. In other words, the 1WD
problem is similar to the optimization problem solved by the
EMD, with the addition that the constraint ∑

𝑖 𝑥𝑖 =
∑

𝑗 𝑦𝑗 holds.
1WD is suitable for comparing empirical distribution functions
(histograms), since the sum of the mass in each is 1.

When comparing two histograms, we let 𝑓 = (𝑓1, 𝑓2,… , 𝑓𝑛) be
the 𝑛 normalized frequency values of the first histogram, and let
𝑔 = (𝑔1, 𝑔2,… , 𝑔𝑚) be the 𝑚 normalized frequencies of the second
histogram.6 We treat the two histograms 𝑓 and 𝑔 similarly to the two
time series 𝑥 and 𝑦, and employ 1WD distance, since the sum of masses
is 1 (EMD and 1WD lead to the same results).

5 See Sec. 2.2 in [25] for a survey on time-series comparison measures.
6 Throughout the article, we will represent histograms with frequency

distribution arrays, e.g., 𝑥 = (𝑥1, 𝑥2,… , 𝑥𝑛), where each element 𝑥𝑖 ∈ 𝑥, 𝑖 =
1,… , 𝑛 corresponds to the frequency count of the 𝑖th bin in the histogram.
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Fig. 2. Structure of the proposed framework.
4. Framework for measuring BPS model quality

The starting point of the proposed framework is that we can assess
the quality of the simulation model by computing a distance (or a
similarity) function between the event logs that the simulation model
generates, and an event log of the actual process being simulated. In
other words, we do not assess the quality of the BPS model by analyzing
the structure of the model itself, but rather by comparing the event logs
that the simulation generates against a ground-truth.

There are two reasons why evaluating a BPS model based solely
on the model’s own structure and information would be impracti-
cal: (i) The ‘true’ BPS model of the process is typically unavailable
(and often does not exist in the first place); thus, we cannot per-
form a model-to-model comparison. (ii) Different simulation engines
(e.g., BIMP [28], Prosimos [29]) support different BPS model formats,
hindering a generic evaluation of BPS models. Therefore, in this work,
we propose to generate a collection of logs simulated using the BPS
model under evaluation, and compare them to event log available from
the actual system (i.e., the system that the model aims to mimic).
Consequently, one can apply a ‘transitive argument’: the ‘closer’ the
simulated logs are to the actual data, the better the model is. In other
words, we treat the (test) data as our ‘ground truth’, since useful models
are supposed to be faithful generators of ‘reality’. Clearly, we assume
that the event log is trustworthy, and has a high level of alignment
to the actual process (true process behavior is ‘well-represented’ in the
log).

Two additional challenges arise when measuring the quality of a
BPS model: (i) a model can be very close to the data in one aspect
(e.g., control-flow), yet very different in another (e.g., the arrival of
new cases), and, (ii) a model can generate many realities as it is prob-
abilistic in nature (e.g., durations and decisions are stochastic), while
the data consists of a single realization of the reality. To overcome the
first limitation, we propose a framework that projects the process onto
several dimensions in order to quantify the distance across multiple
process perspectives. As for the second limitation, our proposal is to
first generate multiple event logs (generated logs, or GLogs) simulating
the same scenario as the ‘ground-truth’ event log (e.g., starting from the
same instant in time and simulating the same number of cases). Then,
we propose to use the GLogs to construct confidence intervals for each
of our measures by comparing them with the ‘ground-truth’ event log
(actual event log, or ALog).

Fig. 2 depicts the main structure of the proposed framework. The
starting point comprises the event log of the original process (ALog)
and the BPS model under evaluation. For each measure, we propose
to consider a collection of GLogs resulting from 𝐾 simulation runs.
5 
We compare each GLog to the ALog and construct confidence intervals
based on the individually measured distances.

The framework decomposes each comparison between a GLog and
the Alog into four steps. First, the filter (Section 4.1) and project
(Section 4.2) operations preprocess the event log, retaining only the
information needed to evaluate the desired distance measure. After-
ward, this preprocessed data is transformed into a format describing the
behavior that the desired measure is aiming to capture (Section 4.3).
Finally, a compare operation (Section 4.4) structures the transformed
data into a suitable format (e.g., a histogram) and measures the distance
between the two samples. The modularity of this framework allows
us to define new measures by altering the operations performed in
each step (e.g., filter and project). For example, given a measure
that focuses on the temporal distribution of events in calendar time
(absolute time), we can define a measure that captures the distribution
of events in relative time (relative to the start of each case) by changing
the transformation operation, so that instead of comparing absolute
times, we compare relative times.

Below, we describe and formalize each of these four operations.

4.1. Filter

Not all the events recorded in the event log are necessary when com-
paring two event logs w.r.t. a specific perspective. Specifically, some
of the observations can be essential when analyzing one dimension of
the process, yet unnecessary for others. For example, only the first and
last events of each case are needed when evaluating the distribution of
cycle times in the process. Similarly, the first recorded event of each
case is sufficient to analyze the distribution of case arrival times in the
process.

The objective of the log filtering, or simply filter, operation is to
remove observations (i.e., events) that are unnecessary for the distance
measure that is being evaluated. To this end, we define a predicate
function 𝜙 ∶  ×  → {𝑇 , 𝐹 } that takes an event and an event log
and returns 𝑇 (True) if the event satisfies the predicate or 𝐹 (False)
otherwise.7

Definition 2 (Log Filtering (Filter)). Given an event log 𝐿 = (𝐸, 𝜎) and
a predicate function 𝜙, a filtered log 𝐿′ is defined as,

𝐿′ = {𝑒 ∈ 𝐸 ∣ 𝜙(𝑒, 𝐿) = 𝑇 }.

7 This operation is akin to the WHERE clause in the SQL language.
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Table 1
Filtered event log 𝐹 ′ result of applying the filtering operation in Definition 2 with the
redicate given by Eq. (1) to the event log in Fig. 1(b).
𝜉 𝛼 𝜏𝑠 𝜏𝑒 𝜌

⋮
1 Create PO 3/11/21 08:00:00 3/11/21 08:31:11 DIO
2 Create PO 3/11/21 08:34:21 3/11/21 09:02:09 DIO
3 Create PO 3/11/21 09:11:11 3/11/21 09:49:51 DIO

⋮

For example, Table 1 depicts an example of a filtering operation
erformed over the event log in Fig. 1(b). In this example, the filtering
peration retains the first activity of each process case (the one with the
owest 𝜏𝑠). The predicate for can be written as

(𝑒, 𝐿) = 𝜏𝑠(𝑒) == min{𝜏𝑠(𝑒′) | 𝑒′ ∈ 𝐿 ∧ 𝜉(𝑒) = 𝜉(𝑒′)}. (1)

This predicate returns 𝑇 only for the first (earliest) event in each corre-
sponding case, assuming the granularity of the recorded timestamps is
capturing the precise instant at which they are occurring. Otherwise,
e.g., timestamps recorded at a coarse level of granularity, the filter
operation should retain only one event per case. Thus, the filtered log,
𝐿′, will only contain the earliest event(s).

4.2. Project

The objective of the projection step is to retain only the attributes
necessary for the analyzed perspective. To this end, we propose a
projection step, or simply project, that consists of attribute removal,
i.e., only the attributes needed for the dimension that is being analyzed
are kept.8

Definition 3 (Projection). Given an event log 𝐿 = (𝐸, 𝜎), projection is
a function 𝑃𝜆 ∶  → , with the resulting log 𝐿𝜆 = (𝐸, 𝜆) where
𝜆 ⊆ 𝜎 = {𝜉, 𝛼, 𝜌, 𝜏𝑠, 𝜏𝑒} is a subset of the attributes retained from 𝜎.

Fig. 3(a) depicts an example of the projection operation 𝑃{𝜏𝑠}(𝐿
′) of

the filtered event log from Table 1 (𝐿′). In this example, all attributes
except the start time (𝜏𝑠) are discarded.

4.3. Transform

The two first preprocessing steps, namely filtering and projection,
remove information that is irrelevant to measure the specific dimen-
sion under analysis. However, in order to analyze each perspective,
the remaining data must be transformed into a structure that can
be adequately used for the comparison that we target. For example,
when analyzing the distribution of cycle times in the process, essential
information involves case start and end events. Yet, the comparison is
not performed on the raw timestamps, but rather, the cycle time of each
case must be computed instead.

The objective of the third step is to apply a transformation to the
filtered and projected data in order to obtain the information strictly
related to the dimension being analyzed. To that end, we propose
a transform operation to remodel the information received from the
previous steps into a unified format for future comparison.

Definition 4 (Transformation). Given a projected event log 𝐿𝜆, a trans-
formation operation 𝑇 ∶  → B(R𝑛) maps the log into a multiset9 of
n-dimensional real-valued vectors, namely 𝑇 (𝐿𝜆) = {{𝑣1, 𝑣2, … , 𝑣𝑙}}
where 𝑣𝑖 = (𝑣𝑖,1, 𝑣𝑖,2, … , 𝑣𝑖,𝑛) with 𝑣𝑖,𝑗 ∈ R.

8 This operation is akin to the SELECT clause in the SQL language.
9 Throughout the article, we will use {{ }} to represent a multiset, ( )

o represent a vector, ⟨ ⟩ to represent a sequence, and ⌢ to represent the
oncatenation of vectors or sequences such that (1, 2, 3)⌢(4, 5) = (1, 2, 3, 4, 5)

and ⟨1, 2, 3⟩⌢⟨4, 5⟩ = ⟨1, 2, 3, 4, 5⟩.
6 
Fig. 3. Example of a projected event log 𝐿𝜆, result of applying the projection operation
in Definition 3 with 𝜆 = {𝜏𝑠} to the filtered event log in Table 1 (left); and a multiset of
4-dimensional vectors, result of applying the transformation operation in Definition 4
that separates the year, month, day, and hour of a timestamp (right).

Fig. 3(b) shows an example of a transformation operation. In this
example, the transformation converts each start timestamp in the set of
observations received as input into their corresponding date and hour.
Thus, the result is a multiset {{𝑣1, 𝑣2, … , 𝑣𝑙}} of 4-dimensional vectors
𝑣𝑖 where each of them stores, respectively, the year, month, day, and
hour of each case arrival.

4.4. Compare

At this stage, the Alog and each GLog have been individually
preprocessed and transformed into multisets of n-dimensional vec-
tors {{𝑣1, 𝑣2, … , 𝑣𝑙}}. The content and number of dimensions of these
vectors depend on the transformation operation. For example, when
measuring the distribution of arrivals, each vector must contain the
information of the year, month, day, and hour of a case arrival. In
order to assess the quality of the BPS model, we propose to compute a
‘distance’ between pairs of GLog and ALog. Therefore, the objective of
the comparison step is to evaluate that distance.

Since not all functions that can be employed to measure the distance
between two event logs work with the same data format, we must
accommodate these differences by defining a prepare function. For
example, two time series are compared when measuring the EMD
distance, but a list of paired observations is needed to compute the
Mean Squared Error. Hence, we propose a 2-step comparison operation:
it first prepares the list of vectors into a format suitable for comparison
(e.g., a time series) and only then measures their distance using a
distance measure (e.g., EMD).10

Let 𝜋 ∶ B(R𝑛) ×B(R𝑛) →  × be a prepare function that maps the
two multisets (GLog and ALog) to data structures of choice (e.g., time
series, or a histogram). The co-domain of 𝜋,  , is the universe of
elements that the subsequent distance function takes as an input. Next,
let 𝛿 ∶  ×  → R be a real-valued distance function (e.g., EMD or
1-WD).

Definition 5 (Comparison). A comparison operation applies a pair of
functions (𝜋, 𝛿) (prepare and compare) to a pair of multisets of n-
imensional vectors, 𝑉1 and 𝑉2, and returns a real value 𝐶, 𝐶 =
𝛿(𝜋(𝑉1, 𝑉2)).

Figs. 4 and 5 depict an example of this operation, where the prepare
function (Fig. 4) aggregates the vectors on each multiset (𝑉1 and 𝑉2)
to obtain the number of arrivals in each hour of the process; and the
compare function (Fig. 5) measures the distance between these two
time series.

10 Note that, by defining ‘‘Comparison’’ in this generic way, the proposed
framework is open to new quality measures employing other distance function
(e.g., MSE).
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Fig. 4. Example of two time series, result of the prepare function of the comparison
peration in Definition 5, for the multiset of 4-dimensional vectors of Fig. 3(b) (left)

and a different multiset (right), being 𝜋 an aggregation function that counts the number
f vectors per hour.

Fig. 5. Example of distance measurement, result of the compare function of the
comparison operation in Definition 5, for the two time series of Fig. 4, being 𝛿 the
arth Mover’s Distance.

Finally, once the distance between each pair GLog-ALog is mea-
ured, our proposal is to report the average distance (and confidence
nterval) of these computed distances.

. BPS model quality measures

Processes are multi-dimensional. A process comprises the execution
f a set of activities following a particular structure. These activities are
xecuted by resources, at specific times of the day, and take different
mounts of time. Furthermore, the execution of some activities may
enerate and consume data along the process. Following with the
easoning presented in Section 4, a BPS model can excel in one of these
spects, yet underperform in another.

To accommodate this multidimensional view of a process, we pro-
ose to analyze the quality of a BPS Model w.r.t. four dimensions:
ontrol-flow, temporal, congestion, and resource. Accordingly, we pro-
ose a set of measures for each perspective. Below, we discuss the
ationale for each measure and describe how they are implemented
ithin our framework (see Section 4).11

11 For clarity, each proposed measure is described as a distance between
wo event logs. However, as explained in Section 4, the proposed framework
7 
5.1. Control-flow

The control-flow perspective describes the names and ordering of
the activities that are executed in the process. As one of the main per-
spectives of a process, it has played a central role since the beginning of
process mining research. As a result, several approaches to evaluate the
quality of process models have been proposed [30–32]. Nevertheless,
these approaches focus solely on the quality of the discovered structure,
discarding the stochastic component. For BPS, it is important that the
stochastic process model captures both the behavior of the process –
i.e., what paths can be executed – and its stochasticity – i.e., how often
each path is executed.

To evaluate the quality of a BPS model w.r.t. the control-flow
perspective, i.e., its capability to represent the event sequences in the
actual event log, we present one of the state-of-the-art measures (see
Section 2.3), and propose a more efficient alternative. As a representa-
tive of the-state-of-the-art, we adapted the proposal of Camargo et al.
in [5] by inverting its value – transforming it from a similarity into a
distance measure – and formalizing it following our proposed frame-
work. This measure, namely control-flow log distance (CFLD), penalizes
the differences in the control-flow by first computing the Damerau–
Levenshtein distance between each case in the GLog and each case in
the ALog, and then finding the bijection between the GLog and the
ALog – i.e., pairing each case in the GLog to a different case in the
ALog – that minimizes the sum of their distances. Additionally, due to
the steep computational complexity of CFLD (as well as of the other
state-of-the-art measures), we propose a measure that approaches the
problem in a more efficient way, the n-gram distance (NGD).

Control-flow Log Distance (CFLD, adapted from [5]). Given two logs
𝐿1 and 𝐿2, the CFLD computes the average distance to transform each
case in 𝐿1 to another case in 𝐿2 (see [5] for a description of a similarity
version of this measure).

Filter. Given an event log 𝐿, do not filter out any event in the log.
Thus, the predicate for the filtering operation is defined as
follows:

𝜙(𝑒, 𝐿) = 𝑇 , (2)

i.e., always return true, indicating that all events are kept in the
filtered event log.

Project. Given a filtered event log result of the previous operation,
project only the case id, activity label, and end timestamp of
each event, i.e., 𝜆 = {𝜉, 𝛼, 𝜏𝑒}.

Transform. Given a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event
follows the schema 𝜎 = {𝜉, 𝛼, 𝜏𝑒}, and a size 𝜈 ∈ N+ indicating
the maximum case length. Let 𝛺 ⊆  be the set of case identifiers
of the process, let 𝜁 ∶  → N+ be a function that maps each
activity label to a unique positive natural number, and let |𝜉′|
denote the number of events 𝑒 ∈ 𝐸 such that 𝜉(𝑒) = 𝜉′, we define
the following transform operation:

 (𝐿𝜆) = {{ ( 𝜁 (𝛼(𝑒1)), 𝜁 (𝛼(𝑒2)), … ,

𝜁 (𝛼(𝑒
|𝜉′|)) )

⌢ ⃖⃗0𝜈−|𝜉′| ∣ 𝜏𝑒(𝑒𝑖) ≤ 𝜏𝑒(𝑒𝑖+1) ∧

𝑖 ∈ {1,… , |𝜉′|} ∧ 𝜉(𝑒𝑖) = 𝜉′ ∧ 𝜉′ ∈ 𝛺 }}

(3)

This operation creates a multiset of 𝜈-dimensional vectors where
each 𝑣 ∈ 𝑉 stores the sequence of activity identifiers corre-
sponding to a process case 𝜉′ ∈ 𝛺, sorted by end timestamp,
and padded with ⃖⃗0𝜈−|𝜉′|, i.e., a zero vector with the number of
dimensions needed to complete 𝑣 to length 𝜈.

reports the average and confidence interval of 𝐾 individual comparisons (each
GLog against the ALog).
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Compare. Given two multisets 𝑉1 and 𝑉2 of 𝜈-dimensional vectors,
result of the transformation in the previous operation. The com-
pare operation first equalizes, if needed, the number of vectors
(corresponding to the number of cases) in each multiset with the
following prepare function:

𝜋(𝑉1, 𝑉2) = (𝑉 ′
1 , 𝑉

′
2 ) ∣

𝑉 ′
1 = 𝑉1 ∪ {{ ⃖⃖⃖⃗0𝜈 }}max(|𝑉2|−|𝑉1|,0),

𝑉 ′
2 = 𝑉2 ∪ {{ ⃖⃖⃖⃗0𝜈 }}max(|𝑉1|−|𝑉2|,0).

(4)

In essence, we add 𝜈-dimensional zero vectors (⃖⃖⃖⃗0𝜈) to the event
log that has fewer cases until their size is the same. Subse-
quently, let 𝑑𝑙 ∶ R𝑛 × R𝑛 → R be the Damerau–Levenshtein
(DL) distance [33] between two 𝑛-dimensional vectors of real
numbers, 𝑠 ∶ R𝑛 → N be the function that computes the number
of elements in an 𝑛-dimensional vector that differ from 0 (the
number of activities of that case), and 𝑝 ∶ 𝑉 ′

1 → 𝑉 ′
2 be a bijective

function pairing every 𝑣𝑖 ∈ 𝑉 ′
1 to a unique 𝑣𝑗 ∈ 𝑉 ′

2 . The compare
operation measures the distance between 𝑉 ′

1 and 𝑉 ′
2 as,

𝛿(𝑉 ′
1 , 𝑉

′
2 ) = min

𝑝
1

|𝑉 ′
1 |

∑

𝑣𝑖∈𝑉 ′
1

𝑑𝑙(𝑣𝑖, 𝑝(𝑣𝑖))
max(𝑠(𝑣𝑖), 𝑠(𝑝(𝑣𝑖)))

, (5)

which corresponds to the minimum average of the normalized
DL distances between each case in 𝑉 ′

1 and their corresponding
pair in 𝑉 ′

2 .

As mentioned in Section 2.3, CFLD requires pairing each case in
the simulated log with a case in the original log, minimizing the total
sum of distances. The computational complexity of computing the DL
distance for all possible pairings is 𝑂(𝑁2×MTL3) where 𝑁 is the number
of cases in the logs, and MTL is the maximum case length. Finally, the
optimal alignment of cases using the Hungarian algorithm has a cubic
complexity in the number of cases. Furthermore, since all pairings are
put into a matrix to compute the optimal alignment of cases (the one
that minimizes the total sum of distances), CFLD’s memory complexity
is quadratic on the number of cases.

N-Gram Distance (NGD). Taking inspiration from research on efficient
event log storage in graph databases, particularly through project-
ing the event log into the histogram of its Directly-Follows Graph
(DFG) [34], we note that the histogram of 2-grams of an event log is
equal to the histogram of its DFG.12 Given this observation, we propose
a general approach based on 𝑛-grams, noting that the histogram of
𝑛-grams of a log is equal to the (𝑛 − 1)th-Markovian abstraction of
the log [32]. In other words, the histogram of 2-grams is the 1𝑠𝑡-
rder Markovian abstraction (the DFG), the histogram of 3-grams is the
𝑛𝑑 -order Markovian abstraction, and so on.

Given two logs 𝐿1 and 𝐿2, and a positive integer 𝑛 ∈ N+, the NGD
omputes the difference in the frequencies of the n-grams observed in
1 ∪ 𝐿2.

ilter. Given an event log 𝐿, do not filter out any event in the log.
Thus, the predicate for the filtering operation is defined by
Eq. (2).

Project. Given a filtered event log result of the previous operation,
project only the case id, activity label, and end timestamp of
each event in the log, i.e., 𝜆 = {𝜉, 𝛼, 𝜏𝑒}.

ransform. Given a size 𝑛 ∈ N+ and a projected event log 𝐿𝜆 = {𝐸, 𝜎}
where each event follows the schema 𝜎 = {𝜉, 𝛼, 𝜏𝑒}. Let 𝛺 ⊆ 

12 An 𝑛-gram is a vector of 𝑛 consecutive activities in a case of a log. A
2-gram is a pair of consecutive activities in a log. Every arc in the DFG of a
log is a 2-gram of the log and vice-versa.
8 
the set of case identifiers of the process, and 𝛩 a sequence of 𝑛-1
events of a dummy activity 𝜃, let

𝛹 =
⋃

𝜉′∈𝛺
{{ 𝛩⌢⟨𝑒|𝑒 ∈ 𝐿𝜆 ∧ 𝜉(𝑒) = 𝜉′⟩⌢𝛩 }}.

be the multiset of process cases, where each case stores a se-
quence of its events padded (at the start and end) with 𝑛-1
dummy events, and sorted by their end timestamp such that

∀𝜓∈𝛹 𝜏𝑒(𝑒𝑖) ≤ 𝜏𝑒(𝑒𝑖+1) ∣ 𝑖 ∈ {𝑛,… , (|𝜓|-𝑛)}.

Then, let 𝜁 ∶  ∪ {𝜃} → N be a function that maps each activity
label to a unique natural number, we define the following
transform operation:

 (𝐿𝜆) =
⋃

𝜓∈𝛹
{{ (𝜁 (𝛼(𝑒𝑖-𝑛-1)),… , 𝜁(𝛼(𝑒𝑖))) ∣

𝜓 = ⟨𝑒1,𝑒2,… , 𝑒
|𝜓|⟩ ∧ 𝑖 ∈ {𝑛,… , |𝜓|}}}

(6)

This operation creates a multiset of 𝑛-dimensional vectors where
each 𝑣 ∈ 𝑉 stores 𝑛 activities observed as a sequence in 𝐿𝜆.

ompare. Given two multisets 𝑉1 and 𝑉2 of 𝑛-dimensional vectors,
result of the transformation in the previous operation, and a set
𝑉𝑜 = {𝑤𝑖 ∣ 𝑤𝑖 ∈ 𝑉1 ∪ 𝑉2} storing the unique vectors from both 𝑉1
and 𝑉2. The compare operation first builds two histograms 𝑥, 𝑦
with the following prepare function:

𝜋(𝑉1, 𝑉2) =((𝑥1, 𝑥2,… , 𝑥
|𝑉𝑜|), (𝑦1, 𝑦2,… , 𝑦

|𝑉𝑜|)) ∣

𝑖 = 1,… , |𝑉𝑜|,

𝑥𝑖 = |{{𝑣 ∈ 𝑉1 ∣ 𝑣 = 𝑤𝑖}}| ∕ (|𝑉1| + |𝑉2|),

𝑦𝑖 = |{{𝑣 ∈ 𝑉2 ∣ 𝑣 = 𝑤𝑖}}| ∕ (|𝑉1| + |𝑉2|).

(7)

For each observed n-gram, we count the number of times it
appears in each 𝑉 , relative to the total number of n-grams (in
both 𝑉1 and 𝑉2). Then, we measure the distance between 𝑥 and
𝑦 using,

𝛿(𝑥, 𝑦) =
|𝑉𝑜|
∑

𝑖=1
|𝑥𝑖 − 𝑦𝑖|, (8)

which corresponds to the Sum of Absolute Errors (SAE) between
two histograms 𝑥 = (𝑥1,… , 𝑥𝐵) and 𝑦 = (𝑦1,… , 𝑦𝐵).

For example, consider 𝐿1 having three cases A-B-C-D, and 𝐿2
having three cases A-B-E-D. Given 𝑛 = 2, the observed n-grams are
0-A, A-B, B-C, C-D, and D-0 in 𝐿1; and 0-A, A-B, B-E, E-D, and
D-0 in 𝐿2 (each one with a frequency of three). The n-grams B-C, C-
D, B-E, and E-D have a frequency of 3 in one log, and 0 in the other,
thus, the NGD between 𝐿1 and 𝐿2 is 0.4 (12 divided by 30). By adding
dummy activities, all activity instances have the same weight in the
measure, as each of them is present in 𝑛 n-grams. Otherwise, the first
and last activity instances of each case would be present only in one n-
gram. Note that we do not use the EMD to compute the NGD, because
the order of the n-grams in the histogram is irrelevant and EMD would
take this order into account.

NGD is considerably more efficient than CFLD, as the construction
of the histogram of n-grams is linear in the number of events in the log,
and the same goes for computing the differences between the n-gram
histograms.

5.2. Temporal

Following with the reasoning presented earlier, we propose to con-
sider the time dimension as the second perspective. Independently of
whether the activities arriving in the system are closer to the real
process or not, a simulation technique could be interested in replicating
the temporal distribution of events through the system in the best
way possible. For this reason, we propose three temporal measures to

assess the ability of a BPS model to capture the temporal performance
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perspective, based on the idea that the time series of events generated
by a BPS model should be similar to the time series of the test data,
with respect to seasonality, trend, and time-to-event.

The first two measures come from time-series analysis, where most
approaches in the literature (e.g., SARIMA) decompose the time series
into components of trend, seasonality, and noise [35]. We follow a sim-
ilar path by analyzing the trend (comparing the absolute distribution
of events) and the seasonality (comparing the circadian distribution of
events). The third measure comes from time-to-event (or survival) anal-
ysis [36], a field in statistics that analyzes the behavior of individuals
from some point in time until an event of interest occurs. Specifically,
we are interested in analyzing the capability of the simulator to cor-
rectly reconstruct the occurrence of events (and their timestamps) from
the beginning of the corresponding case to its end. Below, we provide
the details of the three aforementioned measures.

Absolute Event Distribution (AED). Given two event logs 𝐿1 and 𝐿2,
the AED computes the difference in the temporal distribution of events
throughout the process timeline. This metric specifically evaluates how
the occurrence of events differs over time.

Filter. Given an event log 𝐿, do not filter out any event in the log.
Thus, the predicate for the filtering operation is defined by
Eq. (2).

Project. Given a filtered event log result of the previous operation,
project only the start and end timestamps of each event in the
log, i.e., 𝜆 = {𝜏𝑠, 𝜏𝑒}.

Transform. Let 𝑦(𝜏), 𝑚(𝜏), 𝑑(𝜏), and ℎ(𝜏) be functions returning, re-
spectively, the year, month, day, and hour of a timestamp 𝜏.
Given a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event fol-
lows the schema 𝜎 = {𝜏𝑠, 𝜏𝑒}, we define the following transform
operation:

 (𝐿𝜆) = {{ (𝑦(𝜏𝑖), 𝑚(𝜏𝑖), 𝑑(𝜏𝑖), ℎ(𝜏𝑖)) ∣ 𝜏𝑖 = 𝜏𝑠(𝑒) ∧

𝑒 ∈ 𝐸 }} ∪ {{ (𝑦(𝜏𝑖), 𝑚(𝜏𝑖), 𝑑(𝜏𝑖), ℎ(𝜏𝑖)) ∣

𝜏𝑖 = 𝜏𝑒(𝑒) ∧ 𝑒 ∈ 𝐸 }}.

(9)

This operation creates a multiset of four-dimensional vectors
where each 𝑣 ∈ 𝑉 stores the year, month, day, and hour of a
start or end timestamp from 𝐿𝜆.

Compare. Given two multisets 𝑉1 and 𝑉2 of four-dimensional vectors,
result of the transformation in the previous operation, and the
sorted sequence 𝐻𝑜 = ⟨𝑤1, 𝑤2,… , 𝑤𝐵⟩ storing all the hours in
the timeline of the log (i.e., from the first until the last times-
tamp in 𝐿1∪𝐿2) such that each 𝑤𝑖 = (𝑦𝑖, 𝑚𝑖, 𝑑𝑖, ℎ𝑖) ∈ 𝐻𝑜 stores the
year, month, day and hour. The compare operation first builds
two time series 𝑥, 𝑦 with the following prepare function:

𝜋(𝑉1, 𝑉2) =((𝑥1, 𝑥2,… , 𝑥𝐵), (𝑦1, 𝑦2,… , 𝑦𝐵)) ∣

𝑖 = 1,… , 𝐵,

𝑥𝑖 = |{{𝑣 ∈ 𝑉1 ∣ 𝑣 = 𝑤𝑖}}|,

𝑦𝑖 = |{{𝑣 ∈ 𝑉2 ∣ 𝑣 = 𝑤𝑖}}|.

(10)

i.e., counts the number of events occurring in each hour within
the timeline of the log; and then, measures the distance between
𝑥 and 𝑦 with:

𝛿(𝑥, 𝑦) = EMD(𝑥, 𝑦) (11)

i.e., the Earth Movers’ Distance between the two time series
𝑥 = (𝑥1,… , 𝑥𝐵) and 𝑦 = (𝑦1,… , 𝑦𝐵).

Circadian Event Distribution (CED). Given two event logs 𝐿1 and 𝐿2,
the CED computes the average difference in the temporal distribution
of events throughout the process timeline, by day of the week. This
metric specifically evaluates how the occurrence of events differs over

time within each day of the week.

9 
Filter. Given an event log 𝐿, do not filter out any event in the log.
Thus, the predicate for the filtering operation is defined by
Eq. (2).

Project. Given a filtered event log result of the previous operation,
project only the start and end timestamps of each event in the
log, i.e., 𝜆 = {𝜏𝑠, 𝜏𝑒}.

Transform. Let 𝑤𝑑(𝜏) and ℎ(𝜏) be two functions returning, respec-
tively, the day of the week and hour of a timestamp 𝜏. Given
a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event follows
the schema 𝜎 = {𝜏𝑠, 𝜏𝑒}, we define the following transform
operation:

 (𝐿𝜆) ={{ (𝑤𝑑(𝜏𝑖), ℎ(𝜏𝑖)) ∣ 𝜏𝑖 = 𝜏𝑠(𝑒) ∧ 𝑒 ∈ 𝐸 }}

∪

{{ (𝑤𝑑(𝜏𝑖), ℎ(𝜏𝑖)) ∣ 𝜏𝑖 = 𝜏𝑒(𝑒) ∧ 𝑒 ∈ 𝐸 }}

(12)

This operation creates a multiset of two-dimensional vectors
where each 𝑣 ∈ 𝑉 stores the day of the week and hour of a
start or end timestamp from 𝐿𝜆.

ompare. Given two multisets 𝑉1 and 𝑉2 of two-dimensional vectors,
result of the transformation in the previous operation. The com-
pare operation first builds two matrices of 7 rows, 𝑥 and 𝑦,
where the 𝑑𝑡ℎ row contains the time series for the 𝑑𝑡ℎ day of
the week, with the following prepare function:

𝜋(𝑉1, 𝑉2) =((𝑥1,1, 𝑥1,2,… , 𝑥7,24), (𝑦1,1, 𝑦1,2,… , 𝑦7,24)) ∣

𝑑 = 1,… , 7, 𝑖 = 1,… , 24,

𝑥𝑑,𝑖 = | {{(𝑑, 𝑖) ∈ 𝑉1}} |,

𝑦𝑑,𝑖 = | {{(𝑑, 𝑖) ∈ 𝑉2}} |.

(13)

The function counts the number of events occurring in each hour
for each day of the week. To measure the distance between 𝑥
and 𝑦 we use the average of the Earth Movers’ Distance between
𝑥𝑑,1,… , 𝑥𝑑,24 and 𝑦𝑑,1,… , 𝑦𝑑,24 with 𝑑 ∈ {1,… , 7}, i.e.,

𝛿(𝑥, 𝑦) = 1
7

7
∑

𝑑=1
EMD(𝑥𝑑 , 𝑦𝑑 ). (14)

elative Event Distribution (RED). Given two event logs 𝐿1 and 𝐿2,
RED computes the difference in the temporal distribution of events
w.r.t. the origin of their case (i.e., the case arrival). This metric specif-
ically evaluates how the occurrence of events over time differs within
each case.

Filter. Given an event log 𝐿, do not filter out any event in the log.
Thus, the predicate for the filtering operation is defined by
Eq. (2).

roject. Given a filtered event log result of the previous operation,
project only the case identifier, start, and end timestamps of
each event in the log, i.e., 𝜆 = {𝜉, 𝜏𝑠, 𝜏𝑒}.

ransform. Given a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event
follows the schema 𝜎 = {𝜉, 𝜏𝑠, 𝜏𝑒}, and let

𝜇(𝜉′) =min
𝜏′

{𝜏′ | 𝜏′ = 𝜏𝑠(𝑒) ∧ 𝜉(𝑒) = 𝜉′ ∧ 𝑒 ∈ 𝐸}, (15)

be the arrival time of a case 𝜉′,13 and being ⌊ ⌋ℎ the floor
operator that returns the number of complete hours from a time

13 Throughout the article, we approximate the arrival of a case with the
start time of its first recorded event. It must be noted that our proposed
measures are modular w.r.t. the arrival computation. Thus, more complex
approximations like the ones presented in [37,38] can be easily used.
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duration. We define the following transform operation:

 (𝐿𝜆) ={{( ⌊𝜏𝑠(𝑒) − 𝜇(𝜉(𝑒))⌋ℎ ) ∣ 𝑒 ∈ 𝐸}}

∪

{{( ⌊𝜏𝑒(𝑒) − 𝜇(𝜉(𝑒))⌋ℎ ) ∣ 𝑒 ∈ 𝐸}},

(16)

This operation creates a multiset of one-dimensional vectors,
where each 𝑣 ∈ 𝑉 stores, for each (start or end) timestamp in the
projected log, the number of complete hours w.r.t. the arrival of
its case.

Compare. Given two multisets 𝑉1 and 𝑉2 of one-dimensional vectors,
result of the transformation in the previous operation. The com-
pare operation first builds two time series 𝑥, 𝑦 with the following
prepare function:

𝜋(𝑉1, 𝑉2) =((𝑥1, 𝑥2,… , 𝑥𝐵), (𝑦1, 𝑦2,… , 𝑦𝐵)) ∣

𝑖 = 0,… , 𝐵, 𝐵 = max(𝑉1 ∪ 𝑉2),

𝑥𝑖 = |{{𝑣 ∈ 𝑉1 ∣ 𝑣 = 𝑖}}|,

𝑦𝑖 = |{{𝑣 ∈ 𝑉2 ∣ 𝑣 = 𝑖}}|.

(17)

In essence, the compare function counts the number of events
occurring 𝑖 hours after their case arrival; and then, measures
the distance between 𝑥 and 𝑦 using the Earth Movers’ Distance
between 𝑥1,… , 𝑥𝐵 and 𝑦1,… , 𝑦𝐵 , i.e.,

𝛿(𝑥, 𝑦) = EMD(𝑥, 𝑦). (18)

5.3. Workforce

For the third dimension, we focus on analyzing the workforce of the
process. As mentioned earlier, the available evidence is recorded in the
event log. In this case, in the form of resources performing activities.
To analyze this, we propose to focus on the number of active resources
along the process. As work in processes tends to follow circadian
cycles (every day/week following the same pattern), our proposal is to
develop on the circadian distribution distance, computing the number
of active resources over time, instead of computing the number of
executed events.

Circadian Workforce Distribution (CWD). Given two event logs 𝐿1
and 𝐿2, the CWD computes the average difference in the distribution
of active resources throughout the process timeline, by day of the week.
This metric specifically evaluates how the number of active resources
differs over time within each day of the week.

Filter. Given an event log 𝐿, do not filter out any event in the log.
Thus, the predicate for the filtering operation is defined by
Eq. (2).

Project. Given a filtered event log result of the previous operation,
project only the start timestamp, end timestamp, and resource
of each event in the log, i.e., 𝜆 = {𝜏𝑠, 𝜏𝑒, 𝜌}.

Transform. Let 𝑤𝑑(𝜏) and ℎ(𝜏) be two functions returning, respec-
tively, the day of the week and hour of a timestamp 𝜏. Given
a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event follows the
schema 𝜎 = {𝜏𝑠, 𝜏𝑒, 𝜌}, and being 𝜁 ∶  → N a function that
maps each resource identifier to a unique natural number, we
define the following transform operation:

 (𝐿𝜆) ={{(𝑤𝑑(𝜏𝑖), ℎ(𝜏𝑖), 𝜁(𝜌(𝑒))) ∣ 𝜏𝑖 = 𝜏𝑠(𝑒) ∧ 𝑒 ∈ 𝐸}}

∪

{{(𝑤𝑑(𝜏𝑖), ℎ(𝜏𝑖), 𝜁(𝜌(𝑒))) ∣ 𝜏𝑖 = 𝜏𝑒(𝑒) ∧ 𝑒 ∈ 𝐸}}.

(19)

This operation creates a multiset of three-dimensional vectors,
where each 𝑣 ∈ 𝑉 stores the day of the week, hour, and resource

𝜆
of a start or end timestamp from 𝐿 .

10 
Compare. Given two multisets 𝑉1 and 𝑉2 of three-dimensional vec-
tors, result of the transformation in the previous operation. The
compare operation first builds two matrices of 7 rows, 𝑥 and 𝑦,
where the 𝑑th row contains the time series for the 𝑑th day of
the week, with the following prepare function:

𝜋(𝑉1, 𝑉2) =((𝑥1,1, 𝑥1,2,… , 𝑥7,24), (𝑦1,1, 𝑦1,2,… , 𝑦7,24)) ∣

𝑑 = 1,… , 7, 𝑖 = 1,… , 24,

𝑥𝑑,𝑖 = |{𝑧 ∣ (𝑑, 𝑖, 𝑧) ∈ 𝑉1}|,

𝑦𝑑,𝑖 = |{𝑧 ∣ (𝑑, 𝑖, 𝑧) ∈ 𝑉2}|.

(20)

The function counts the number of unique resources performing
events recorded in each hour for each day of the week; Then, we
measure the distance between 𝑥 and 𝑦 using the average of the
Earth Movers’ Distance between 𝑥𝑑,1,… , 𝑥𝑑,23 and 𝑦𝑑,1,… , 𝑦𝑑,23
with 𝑑 ∈ {1,… , 7}, i.e.,

𝛿(𝑥, 𝑦) = 1
7

7
∑

𝑑=1
EMD(𝑥𝑑 , 𝑦𝑑 ). (21)

.4. Congestion

The last perspective of a process that we propose to consider is
he congestion in the system. To measure the capability of a model
o represent congestion, we rely on queuing theory, a field in applied
robability that studies the behavior of congested systems [39]. In
teady state, Little’s Law states that

iP = 𝜆 × 𝐶𝑇 , (22)

here WiP denotes the work in progress in the system (i.e., the number
f active work items at a specific point in time), 𝜆 denotes the case-
rrival rate, and 𝐶𝑇 represents the average cycle time of a case. To
over this, we propose two distance measures to analyze the perfor-
ance of a BPS model w.r.t. the case-arrival rate, and the case cycle

imes. Regarding the work in process in the system, it can be analyzed
s the combination of the aforementioned components, as stated in
q. (22).

ase Arrival Rate (CAR). This measure compares case arrival patterns
shape) and counts (number of arrivals per bin). Given two event logs
1 and 𝐿2, the CAR computes the difference in the temporal distri-
ution of case arrivals throughout the process timeline. This metric
pecifically evaluates how the arrival of new process cases differs over
ime.

ilter. Retain only, for each case, the event with the earliest start
timestamp:

𝜙(𝑒, 𝐿) = 𝜏𝑠(𝑒) == min{𝜏𝑠(𝑒′) | 𝑒′ ∈ 𝐿 ∧ 𝜉(𝑒) = 𝜉(𝑒′)} (23)

roject. Given a filtered event log result of the previous operation,
project only the start timestamp of each event in the filtered
log, i.e., 𝜆 = {𝜏𝑠}.

ransform. Let 𝑦(𝜏), 𝑚(𝜏), 𝑑(𝜏), and ℎ(𝜏) be functions returning, re-
spectively, the year, month, day, and hour of a timestamp 𝜏.
Given a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event
follows the schema 𝜎 = {𝜏𝑠}, we define the following transform
operation:

 (𝐿𝜆) = {{(𝑦(𝜏𝑖), 𝑚(𝜏𝑖), 𝑑(𝜏𝑖), ℎ(𝜏𝑖)) ∣ 𝜏𝑖 = 𝜏𝑠(𝑒)∧

𝑒 ∈ 𝐸}}.
(24)

This operation creates a multiset of four-dimensional vectors
where each 𝑣 ∈ 𝑉 stores the year, month, day, and hour of a

𝜆
case arrival timestamp from 𝐿 .
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Compare. Given two multisets 𝑉1 and 𝑉2 of four-dimensional vectors,
result of the transformation in the previous operation, and the
sorted sequence 𝐻𝑜 = ⟨𝑤1, 𝑤2,… , 𝑤𝐵⟩ storing all the hours in
the timeline of the vectors 𝑉1 and 𝑉2, such that each 𝑤𝑖 =
(𝑦𝑖, 𝑚𝑖, 𝑑𝑖, ℎ𝑖) ∈ 𝐻𝑜 stores the year, month, day and hour. The
compare operation first builds two time series 𝑥, 𝑦 with the pre-
pare function defined in Eq. (10), i.e., by counting the number
of events occurring in each hour within the timeline; then, we
measure the distance between 𝑥 and 𝑦 using the Earth Movers’
Distance between 𝑥1,… , 𝑥𝐵 and 𝑦1,… , 𝑦𝐵 , i.e.,

𝛿(𝑥, 𝑦) = EMD(𝑥, 𝑦). (25)

Cycle Time Distribution (CTD). Here, we seek to measure the ability
of the BPS model to capture the end-to-end cycle time of the process.
Given two event logs 𝐿1 and 𝐿2, the CTD collects all cycle times of
the process into a single histogram (per event log), which depicts their
empirical probability distribution functions (PDF). Then, it compares
the distance between these two histograms.

Filter. Retain only, for each case, the event(s) with the earliest start
timestamp and latest end timestamp.

𝜙(𝑒, 𝐿) = ∄(𝑒′ ∈ 𝐿) (𝜏𝑠(𝑒′) < 𝜏𝑠(𝑒)∨

𝜏𝑒(𝑒′) > 𝜏𝑒(𝑒)) ∣ 𝜉(𝑒′) = 𝜉(𝑒).
(26)

Project. Given a filtered event log result of the previous operation,
project only the case identifier, start, and end timestamps of
each event in the log, i.e., 𝜆 = {𝜉, 𝜏𝑠, 𝜏𝑒}.

Transform. Given a projected event log 𝐿𝜆 = {𝐸, 𝜎} where each event
follows the schema 𝜎 = {𝜉, 𝜏𝑠, 𝜏𝑒}, and being ⌊ ⌋ℎ the floor
operator that returns the number of complete hours from a time
duration. We define the following transform operation:

 (𝐿𝜆) = {{( ⌊𝜏𝑒(𝑒′) − 𝜏𝑠(𝑒)⌋ℎ ) ∣ 𝜏𝑠(𝑒) ≤ 𝜏𝑠(𝑒′)∧

𝜏𝑒(𝑒′) ≥ 𝜏𝑒(𝑒) ∧ 𝜉(𝑒) = 𝜉(𝑒′) ∧ 𝑒, 𝑒′ ∈ 𝐸}}.
(27)

This operation creates a multiset of one-dimensional vectors,
where each 𝑣 ∈ 𝑉 stores the duration (in complete hours) of
a case in the process.

Compare. Given two multisets 𝑉1 and 𝑉2 of one-dimensional vectors,
result of the transformation in the previous operation. The com-
pare operation first builds two histograms 𝑥, 𝑦 with the prepare
function defined in Eq. (17), i.e., by counting the number of
cases with a duration of 𝑖 hours; and then, measures the distance
between 𝑥 and 𝑦 using the 1-Wasserstein Distance (1-WD)14

between 𝑥1,… , 𝑥𝐵 and 𝑦1,… , 𝑦𝐵 , i.e.,

𝛿(𝑥, 𝑦) = 1WD(𝑥, 𝑦). (28)

6. Evaluation

We report on a two-fold experimental evaluation. The first part
aims to validate the applicability of the proposed measures by testing
the following evaluation question: are the proposed measures able to
discern the impact of different known modifications to a BPS model? (EQ1).
Given the potential efficiency issues of CFLD, the first part of the
evaluation also aims to answer the question: is the N-Gram Distance’s
performance significantly different from the CFLD’s performance? (EQ2).
The second part of the evaluation is designed to test if: given two BPS

14 In this measure, we propose to compute the distance between 𝑥 and 𝑦
with the 1-WD because we assume |𝑥| = |𝑦|, i.e., both event logs have the
same number of cases. Thus, they can be relativized into their CDF without
distorting the error.
11 
models discovered by existing automated BPS model discovery techniques in
real-life scenarios, are the proposed measures able to identify the strengths
and weaknesses of each technique? (EQ3). Given the complexity of the
EMD (cf. Section 3), the second part of this evaluation also focuses on
answering: does the 1-WD report the same insights in real-life scenarios as
the EMD? (EQ4).

In the case of the NGD, we report on this measure for a size 𝑁 = 2.15

The distance computed by the EMD is not directly interpretable, as it
is an absolute number on a scale that depends on the range of values
of the input time series. Accordingly, we divide the raw EMD by the
number of observations in the original log. In this way, we can interpret
the resulting scaled-down EMD as the average number of bins that each
observation of the original log must be moved to transform it into the
simulated log. For example, a value of 10 implies that, on average, each
observation had to be moved 10 bins. This interpretation is, in fact, the
same as the interpretation of the 1-WD computation.

6.1. Synthetic evaluation

We designed two experiments to assess different aspects of EQ1.
The first one (EQ1.1) aims to evaluate if the proposed measures are
able to detect the impact of a known modification to a BPS model. The
second one (EQ1.2) focuses on evaluating if the proposed measures are
sensible to different levels of perturbations, i.e., if they not only detect
the impact of a modification, but also its strength.

Datasets and Setup. To assess EQ1.1, we manually created the BPS
model of a loan application process based on the examples from [1,
Chapter 10.8]. The process comprises 12 activities (with one loop, a
3-branch parallel structure, 3 exclusive split gateways, and 3 possible
endings) and 6 different resource types (performing different activities
with a working schedule from Monday to Friday, from 9am to 5pm).
We simulated a log of 1000 cases as the log recording the process
(i.e., the ALog). We created 7 modifications of the original BPS model:
(i) altering the control-flow by arranging the parallel activities as a
sequence (Loan𝑆𝐸𝑄); (ii) altering, on top of the previous modification,
the branching probabilities (Loan𝑆-𝐺); (iii) modifying the rate of case
arrivals (Loan𝐴𝑅𝑅); (iv) increasing the duration of the activities of
the process (Loan𝐷𝑈𝑅); (v) halving the available resources to cre-
ate resource contention (Loan𝑅𝐶 ); (vi) changing the resource working
schedules from 9am−5 pm to 2pm−10 pm (Loan𝐶𝐴𝐿); and (vii) adding
imer events to simulate extraneous waiting time [12] delaying the start
f 4 of the activities (Loan𝐸𝑋𝑇 ).

To assess EQ1.2, we created 15 additional modifications of the
riginal BPS model: (i) altering the control-flow by arranging the two
arallel activities as a sequence, (additionally) interchanging the order
f two sequential activities, and (additionally) renaming one activity
resent in all cases (designed to analyze NGD); (ii) increasing the
uration between each two case arrivals from 30 to 60, 90, and 120 min
designed to analyze AED and CAR); (iii) increasing the duration of
ome activities of the process in two levels, and (additionally) injecting
imer events to delay each execution of two activities (designed to
nalyze RED and CTD); (iv) incrementally increasing the number of
vailable resources (designed to analyze CED); and (v) displacing the
esource working schedules in 3, 6, and 9 h (designed to analyze CWD).

In order to consider the impact of different levels of structuredness
n a process when assessing EQ2, we used both the aforementioned
PS model – ‘‘lasagna-like’’ process – and a BPS model from a procure-
o-pay process that we manually modified to create a ‘‘spaghetti-like’’
tructure. This process comprises 13 activities with three single-entry
ingle-exit substructures sorted in a sequence: two ‘‘flower-like’’ struc-
ures of five and four activities, and one sequence of four activities with

15 Augusto et al. [32] found that, for models with no duplicate activities,
the size of 𝑁 = 2 captures enough information to compare processes from a
control-flow perspective.
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Table 2
Results (average and 95% confidence interval) of the proposed measures for the original and modified BPS models of a loan application
process.

NGD CFLD AED CED

Loan𝐺𝑇 0.02 (±0.00) 0.02 (±0.00) 2.39 (± 0.51) 0.05 (±0.01)
Loan𝑆𝐸𝑄 0.34 (±0.00) 0.20 (±0.00) 2.58 (± 0.34) 0.05 (±0.01)
Loan𝑆-𝐺 0.46 (±0.00) 0.32 (±0.00) 44.17 (± 9.59) 0.24 (±0.01)
Loan𝐴𝑅𝑅 0.04 (±0.01) 0.03 (±0.00) 35.66 (±14.46) 0.08 (±0.01)
Loan𝐷𝑈𝑅 0.03 (±0.01) 0.02 (±0.00) 4.29 (± 1.34) 0.05 (±0.01)
Loan𝑅𝐶 0.23 (±0.03) 0.15 (±0.01) 23.67 (± 8.81) 0.06 (±0.01)
Loan𝐶𝐴𝐿 0.02 (±0.00) 0.02 (±0.00) 6.27 (± 0.37) 3.51 (±0.02)
Loan𝐸𝑋𝑇 0.02 (±0.01) 0.02 (±0.00) 5.43 (± 1.64) 0.09 (±0.01)

RED CWD CAR CTD

Loan𝐺𝑇 0.22 (± 0.05) 0.04(±0.00) 0.00 (± 0.00) 7.06 (± 1.41)
Loan𝑆𝐸𝑄 1.91 (± 0.26) 0.04(±0.00) 0.00 (± 0.00) 42.38 (± 3.83)
Loan𝑆-𝐺 235.36 (±12.93) 0.20(±0.01) 0.00 (± 0.00) 7,667.13 (±443.38)
Loan𝐴𝑅𝑅 0.62 (± 0.16) 0.06(±0.01) 42.39 (±14.12) 11.89 (± 2.42)
Loan𝐷𝑈𝑅 7.09 (± 0.51) 0.04(±0.00) 0.09 (± 0.04) 200.53 (± 15.66)
Loan𝑅𝐶 31.66 (± 8.62) 0.32(±0.00) 0.03 (± 0.02) 759.45 (±210.93)
Loan𝐶𝐴𝐿 0.26 (± 0.06) 3.50(±0.01) 6.24 (± 0.00) 7.51 (± 1.94)
Loan𝐸𝑋𝑇 8.02 (± 0.18) 0.08(±0.00) 0.00 (± 0.00) 262.30 (± 6.19)
different decision choices, allowing the execution flow to skip some of
the activities and go back in the sequence. To evaluate the effective
unstructuredness of this model, we performed a simulation of 1000
cases, producing an event log with more than 900 case variants.16 We
hen followed the procedure mentioned above, creating 7 modified BPS
odels.

For each modified BPS model, we simulated 𝐾 = 10 logs with
000 cases (as the GLogs). According to the proposed framework,
o assess their quality in each dimension, we computed the distance
f each GLog with the proposed measures, and reported the average
nd 95% confidence interval. We used the t-score method to compute
he confidence interval, as it offers a more appropriate and cautious
pproach for smaller samples of unknown distribution, ensuring better
tatistical reliability and validity.

esults and Discussion. Regarding EQ1.1, Table 2 shows the results of
he proposed measures for each modified scenario of the loan applica-
ion process, and for the original BPS model as ground truth (Loan𝐺𝑇 )
o measure the distance associated with the stochastic nature of the
imulation. The results show how the proposed measures appropriately
enalize the BPS models for the modifications affecting their corre-
ponding perspectives. In the control-flow measures, the BPS models
howing significant differences w.r.t. the ground truth are those with
ontrol-flow modifications. The distances of Loan𝑅𝐶 and Loan𝑆𝐸𝑄 are
xplained by the parallel activities being executed more frequently in
specific order. In the first BPS model, due to resource contention,
hich delays the execution of one of the parallel activities in some

ases. In the second one, due to the control-flow modification. Finally,
oan𝑆-𝐺 reports the highest distance as, in addition to the modification
n Loan𝑆𝐸𝑄, it also alters the frequency of each process variant.

For temporal measures, the AED distance captures the difference
n the distribution of events along the entire process. However, to
dentify the sources of these differences. We require a combination of
he penalties incurred by CED, RED, and CAR. Thus, we must analyze
hem to find the root causes for the discrepancies in AED. Starting from
he seasonal aspects captured by CED, only Loan𝑆-𝐺 and Loan𝐶𝐴𝐿 report
ignificant differences, being the latter the only BPS model altering
easonal aspects. Loan𝑆-𝐺 ’s distance is due to the change in the gateway
robabilities, which in turn impacts the overall distribution of executed
vents. As expected, Loan𝐶𝐴𝐿 presents the highest CED distance due to
he change in schedules that displaces executed events from morning
o evening.

16 A case variant of an event log is a unique sequence of activities associated
ith a particular case, and its frequency corresponds to the number of cases

n the event log that follows that sequence.
12 
Moving to RED, which reports the distance in the distribution of
events over time within each case, we observe that all modifications
except Loan𝐶𝐴𝐿 should affect this perspective. The slightly higher
penalization of Loan𝐴𝑅𝑅 is due to the higher case arrival rates, which
delay the start activities due to resource contention. Loan𝑆𝐸𝑄 presents
a higher distance (close to a displacement of 2 h per event) as the
three parallel activities are executed as a sequence, delaying subsequent
activities. Similarly, in Loan𝐷𝑈𝑅, Loan𝐸𝑋𝑇 , and Loan𝑅𝐶 , activity de-
lays are caused by longer durations, extraneous delays, and resource
contention waiting times, respectively. Finally, Loan𝑆-𝐺 presents the
highest RED distance due to the high frequency differences in each
process variant.

Switching to CAR, we do not observe significant differences in BPS
models that exhibit the same arrival rate, except for Loan𝐶𝐴𝐿. The latter
is explained by the change in schedules, as cases cannot start until the
resources start their working period (which skews effective start times).
Unsurprisingly, for Loan𝐴𝑅𝑅, the difference in CAR is due to the change
in the arrival model.

Concerning CWD, it proved its ability to analyze the distribution of
resources more precisely than CED. The analysis of the circadian cycles
in CED detects changes in the availability calendars of the resources
(Loan𝐶𝐴𝐿), but not in the number of available resources (Loan𝑅𝐶 ). This
is because the temporal distribution of recorded events within each day
is displaced by altering the availability calendars, but not by changing
the number of available resources. On the contrary, the analysis of the
circadian workforce of CWD, which focuses on the number of active
resources per hour, detects both the change in the availability calendars
and the number of resources (Loan𝐶𝐴𝐿 and Loan𝑅𝐶 ). In this case, the
high CWD distance of Loan𝑆-𝐺 is explained by the abovementioned
reasons.

Finally, the last proposed measure is CTD, which reports the dis-
tance in case duration among all the cases. The results of CTD follow
a similar pattern to RED, yet with different values, since cycle times
correspond to the time distance between the first and last events of
the case. However, this correlation might not hold across all scenarios.
Specifically, if the distribution of executed activities in the middle
of each case is different, but the last event does not change, RED
would detect discrepancies that CTD would not (as the cycle time
would remain the same). Thus, CTD is most relevant when the analysis
revolves around total cycle times, while disregarding the temporal
distribution of events within the case.

With respect to EQ1.2, Fig. 6 shows the evolution of each proposed
measure for the ground truth and the three modified BPS models de-
signed to impact it with different levels of intensity. The graphics show
how all the distance metrics grow according to the level of intensity
of the perturbation. In the case of the NGD, the modifications to the
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Fig. 6. Results of the proposed measures for BPS models with different levels of perturbations, where the 𝑦 axis denotes the distance value, and the 𝑥 axis the level of intensity
of the perturbation.
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Table 3
NGD and CFLD (average and 95% confidence interval) for the original and modified BPS
models of the (‘‘lasagna-like’’) loan application and the (‘‘spaghetti-like’’) procure-to-pay
processes sorted in ascending order by their NGD value.

NGD CFLD

Loan𝐺𝑇 0.02 (±0.00) 0.02 (±0.00)
Loan𝐶𝐴𝐿 0.02 (±0.00) 0.02 (±0.00)
Loan𝐸𝑋𝑇 0.02 (±0.01) 0.02 (±0.00)
Loan𝐷𝑈𝑅 0.03 (±0.01) 0.02 (±0.00)
Loan𝐴𝑅𝑅 0.04 (±0.01) 0.03 (±0.00)
Loan𝑅𝐶 0.23 (±0.03) 0.15 (±0.01)
Loan𝑆𝐸𝑄 0.34 (±0.00) 0.20 (±0.00)
Loan𝑆-𝐺 0.46 (±0.00) 0.32 (±0.00)

P2P𝐶𝐴𝐿 0.03 (±0.00) 0.30 (±0.00)
P2P𝐸𝑋𝑇 0.03 (±0.00) 0.30 (±0.00)
P2P𝐺𝑇 0.04 (±0.00) 0.30 (±0.00)
P2P𝐴𝑅𝑅 0.04 (±0.00) 0.30 (±0.00)
P2P𝑅𝐶 0.04 (±0.00) 0.30 (±0.00)
P2P𝐷𝑈𝑅 0.04 (±0.00) 0.30 (±0.00)
P2P𝑆𝐸𝑄 0.31 (±0.00) 0.37 (±0.00)
P2P𝑆-𝐺 0.39 (±0.00) 0.40 (±0.00)

control-flow increase the number of mismatching 𝑛-grams, increasing
the total distance value. For all the other measures, the use of the
Earth Movers’ Distance (or Wasserstein Distance) provides them with
the ability to capture the intensity of the modifications. As explained
in Section 3, these distance metrics capture not only the difference in
the mass, but also the distance between such differences.

To answer EQ2, Table 3 shows the results of NGD and CFLD for both
the structured and unstructured processes. We computed the Kendall
rank correlation coefficient between NGD and CFLD, and we obtained
a correlation of 1.0. Thus, in light of the complexity of CFLD (cf.
Section 5), we recommend using NGD to assess the quality of a BPS
model from the control-flow perspective.

6.2. Real-life evaluation

Datasets and Setup. To evaluate EQ3 and EQ4, we selected four
real-life logs of different complexities: (i) a log from an academic cre-
dentials’ management process (AC_CRE), containing a high number of
resources exhibiting low participation in the process. (ii) a log of a loan
application process from the Business Process Intelligence Challenge
(BPIC) of 2012 [40] – we preprocessed this log by retaining only
the events corresponding to activities performed by human resources
(i.e., only activity instances that have a duration). (iii) the log from
the BPIC of 2017 [41] – we pre-processed this log by following the
recommendations reported by the winning teams participating in the
13 
competition.17 And (iv) a log from a call centre process (CALL) contain-
ing numerous cases of short duration – on average, two activities per
case. To avoid data leakage, we split the log of each dataset into two
sets (training and testing). These datasets correspond to disjoint (non-
verlapping) intervals in time with similar case and event intensity.
he training dataset contains cases that are fully contained in the
raining period, and same for the testing dataset. Table 4 shows the
haracteristics of the four training and four testing event logs.

For each dataset, we ran two automated BPS model discovery tech-
iques (SIMOD and ServiceMiner) on the training log, and evaluated
he quality of the discovered BPS models on the test log following the
ame procedure as in the assessment of EQ1 and EQ2 (i.e., 𝐾 = 10 and

a t-score confidence interval of 95%).

Results and Discussion. Answering EQ3, Table 5 shows the results of
the proposed measures for the BPS models automatically discovered
by SIMOD and ServiceMiner (henceforth 𝑀𝑆𝐼𝑀𝑂𝐷 and 𝑀𝑆𝑒𝑟𝑀𝑖𝑛, re-
spectively). From the control-flow perspective, 𝑀𝑆𝑒𝑟𝑀𝑖𝑛 performs closer
to the original log than 𝑀𝑆𝐼𝑀𝑂𝐷 for all four datasets. The reason
lies in the methods that the approaches use to model the control-
flow. SIMOD is designed to discover an interpretable process model
to support modification for what-if? analyses. To this end, SIMOD uses
a model discovery algorithm that applies multiple pruning techniques
to simplify the discovered model. Conversely, ServiceMiner discovers
a Markov chain, which yields more accurate results, yet can lead to
complex ‘spaghetti models’.

Two main differences are reported w.r.t. the temporal and conges-
tion aspects. First, for Case Arrival Rate (CAR), 𝑀𝑆𝑒𝑟𝑀𝑖𝑛 presents better
results in BPIC12, BPIC17, and CALL, while 𝑀𝑆𝐼𝑀𝑂𝐷 outperforms it
in AC_CRE. To model the arrival of new cases, ServiceMiner splits
the timeline into one-hour windows, and bootstraps the arrivals per
time window. SIMOD computes the inter-arrival times (i.e., the time
between each arrival and the next one) and estimates a parametrized
distribution to model them. The complexity of ServiceMiner’s arrival
model allows it to capture better the arrival rate in scenarios where
the density of case arrivals per hour is high, and/or the rate of arrivals
varies through time (BPIC12, BPIC17, and CALL). On the contrary, if
cases are scattered over time (AC_CRE), SIMOD’s approach presents a
better result.

The second main difference lies in the Relative Event Distribution
(RED) and the Cycle Time Distribution (CTD) distances. Here, 𝑀𝑆𝐼𝑀𝑂𝐷
btains better results in both measures except in one case. In the CALL
ataset, 𝑀𝑆𝑒𝑟𝑀𝑖𝑛 obtains a smaller RED distance (both methods perform

well w.r.t. the original log). SIMOD outperforms ServiceMiner due to
a high amount of extraneous activity delays (i.e., waiting times not

17 https://www.win.tue.nl/bpi/2017/challenge.html

https://www.win.tue.nl/bpi/2017/challenge.html
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Table 4
Characteristics of the real-life logs used in the evaluation.

Event log Cases Activity instances Variants Activities Resources

AC_CRE_TR 398 1,945 54 16 306
AC_CRE_TE 398 1,788 35 16 281

BPIC12_TR 3,030 16,338 735 6 47
BPIC12_TE 2,976 18,568 868 6 53

BPIC17_TR 7,402 53,332 1,843 7 105
BPIC17_TE 7,376 52,010 1,830 7 113

CALL_TR 260,889 445,567 1,689 19 2,712
CALL_TE 260,890 454,807 1,573 19 2,711
Table 5
Distance measures for the BPS models discovered by SIMOD and ServiceMiner on the logs in Table 4. The CFLD ran out of memory
(48 GB of allocated memory) on the CALL dataset after > 2 h, thus no values are reported in those cells.

AC_CRE BPIC12 BPIC17 CALL

NGD SIMOD 0.24 (±0.01) 0.56 (±0.00) 0.37 (±0.00) 0.08 (±0.00)
ServiceMiner 0.13 (±0.01) 0.13 (±0.01) 0.06 (±0.00) 0.04 (±0.00)

CFLD SIMOD 0.21 (±0.00) 0.55 (±0.00) 0.34 (±0.00) –
ServiceMiner 0.18 (±0.01) 0.16 (±0.00) 0.06 (±0.00) –

AED SIMOD 91.72 (± 16.66) 61.57 (±10.80) 192.18 (±33.03) 48.13 (±0.11)
ServiceMiner 298.17 (±105.87) 29.22 (± 8.33) 51.24 (±11.90) 1.67 (±0.13)

CAR SIMOD 110.38 (± 16.94) 336.42 (±42.98) 390.04 (±43.39) 61.68 (±0.00)
ServiceMiner 327.85 (±118.33) 153.25 (±24.76) 121.90 (±23.60) 3.57 (±0.20)

CED SIMOD 2.22 (±0.09) 20.55 (±0.82) 10.72 (±0.50) 18.17 (±0.04)
ServiceMiner 1.63 (±0.19) 28.52 (±1.24) 9.87 (±0.42) 0.70 (±0.01)

CWD SIMOD 2.27 (±0.23) 5.92 (±0.26) 7.29 (±0.39) 38.86 (±0.08)
ServiceMiner – – – –

RED SIMOD 9.96 (±6.46) 3.99 (±0.95) 62.80 (±2.16) 0.10 (±0.00)
ServiceMiner 70.49 (±4.08) 45.91 (±2.09) 149.60 (±0.42) 0.03 (±0.01)

CTD SIMOD 62.23 (±1.65) 93.45 (±0.71) 102.85 (±0.84) 8.18 (±0.08)
ServiceMiner 99.88 (±0.30) 124.21 (±0.33) 112.83 (±0.16) 12.04 (±0.07)
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related to the resource allocation or activity performance) exhibited in
these processes. Specifically, SIMOD includes a component to discover
extraneous delays, which improves the distribution of the events within
the case. Both techniques perform close to the original log in the CALL
dataset because extraneous delays are rare for the call centre process.

For seasonality, the Circadian Event Distribution (CED) reports
slight differences between the two methods for AC_CRE and BPIC17,
and a moderately better result for 𝑀𝑆𝐼𝑀𝑂𝐷 in BPIC12. The CALL
ataset presents the highest difference, where 𝑀𝑆𝑒𝑟𝑀𝑖𝑛 obtains better
esults, which can be attributed to its highly accurate arrival model.
he CALL dataset has mostly cases with one or two events. Hence, case
xecution depends more on the arrival time of the case, than on the
ctivity performance and congestion models.

Combining all the temporal perspectives in one measure, the results
f Absolute Event Distribution (AED) follow the same distribution as
AR, where 𝑀𝑆𝑒𝑟𝑀𝑖𝑛 presents better results in BPIC12, BPIC17, and
ALL, while 𝑀𝑆𝐼𝑀𝑂𝐷 performing better in AC_CRE. Although this
easure summarizes all the temporal performance in one, it is highly

ffected by the performance of the arrival model. A wrong arrival rate
ropagates the error to all the events per case, displacing them even if
heir relative distribution is accurate.

Finally, regarding the CWD, we only report values of this measure
or 𝑀𝑆𝐼𝑀𝑂𝐷 due to the need for explicit resource information. SIMOD
roduces an event log where each activity instance has an associated
esource, while ServiceMiner uses a queuing system that focuses on
he congestion aspects of the simulation, and does not produce explicit
nformation about the resources.

The proposed measures detected key differences between the con-
idered BPS model discovery techniques. Additionally, our results can
elp to identify potential improvements in these techniques. SIMOD’s
nferior performance in the control-flow perspective is expected, given
hat it takes a simplified process model as input. Moreover, there is
natural fit between the control-flow measures (e.g., NGD) and the m

14 
arkovian approach of ServiceMiner – as a Markov chain is, in essence,
generative 2-gram model. The results also highlight the benefits of

IMOD’s extraneous waiting time discovery component (a feature that
erviceMiner does not have). Finally, although ServiceMiner’s arrival
odel achieved the best results in most of the scenarios, the evaluation

n AC_CRE point toward an improvement opportunity in the situation
here cases arrive at a slow rate.

To evaluate EQ4, Table 6 shows the result of AED, CAR, CED,
WD, and RED measures when computing the distance with 1WD,

nstead of EMD. The results follow the same distribution in most of the
ases. The only difference resides in the CED measure on the BPIC17
ataset, and the RED measure on the CALL dataset. In both cases,
he small differences shown by EMD are reduced to a similar value
y both techniques. Finally, for arrivals, as explained in Section 3,
omputing the distance with EMD and 1WD provide the same result,
s the number of observations in both samples is the same (i.e., the
umber of cases). In conclusion, computing the distance using 1WD
eads to similar conclusions at a lower computational cost. Thus, we
ecommend using 1WD when the masses of both time series are close
o each other, and when the number of observations (amount of mass)
s large.

. Discussion

In this article, we studied the quality assessment of BPS models.
ue to the existent variety of BPS model formats and BPS engines, we
dvocate for a generic approach – relying on the comparison through
imulated event logs – rather than a specific approach that requires
he BPS model to adjust to a certain format. In this way, the proposed
pproach can be used for a wide spectrum of BPS model formats, as
ong as they produce an event log recording the simulated behavior.

ithin this assessment, we studied the intrinsic complexity of BPS

odels, identifying different components that interact and influence
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Table 6
Results of the proposed measures for the BPS models discovered by SIMOD and ServiceMiner with the real-life logs in Table 4.

AC_CRE BPIC12 BPIC17 CALL

AED SIMOD 117.32 (± 18.85) 313.30 (±41.50) 314.92 (±43.02) 61.76 (±0.08)
ServiceMiner 315.88 (±115.60) 79.19 (±16.12) 65.56 (±12.55) 3.47 (±0.19)

CAR SIMOD 110.38 (± 16.94) 336.42 (±42.98) 390.04 (±43.39) 61.68 (±0.00)
ServiceMiner 327.85 (±118.33) 153.25 (±24.76) 121.89 (±23.60) 3.57 (±0.20)

CED SIMOD 3.11 (±0.18) 2.10 (±0.07) 1.65 (±0.03) 4.72 (±0.00)
ServiceMiner 2.50 (±0.27) 2.34 (±0.03) 1.65 (±0.02) 1.03 (±0.03)

CWD SIMOD 3.17 (±0.17) 2.12 (±0.06) 1.59 (±0.04) 4.50 (±0.00)
ServiceMiner – – – –

RED SIMOD 48.19 (±1.72) 96.82 (±1.61) 132.31 (±1.68) 0.00 (±0.00)
ServiceMiner 74.50 (±0.18) 150.83 (±0.57) 150.26 (±0.28) 0.00 (±0.00)
each other. Given that the main reason for this quality assessment is to
identify the BPS model that better reflects the behavior of the process –
in order to perform what-if? analysis –, there is an interest in identifying
the source of discrepancies w.r.t. the real process. For this reason, even
though our framework allows for the proposal of a generic measure
that summarizes all perspectives into one distance value, we propose
to tackle the problem by individually analyzing each perspective.

The idea of assessing the quality of BPS models from multiple
perspectives, opens an opportunity for BPS model optimization. For
example, an automated BPS model discovery technique can optimize
the discovery of each of its components independently or jointly. For
example, the component of the BPS model discovery technique that
discovers the case arrival model can be optimized using Case Arrival
Rate (CAR) distance, while the component that discovers the control-
flow perspective (the process model) can be optimized against the
N-Gram Distance, for example. The developer of the technique may opt
to optimize these two components separately or jointly.

Furthermore, the proposed measures can guide an analyst when
manually tuning an automatically discovered BPS model. In this con-
text, the analyst can identify potential deviations from the behavior of
the process, e.g., an imprecise resource model detected by a big dis-
tance in this perspective (CWD). Then, they can adjust the discovered
resource model and evaluate its performance to assess if the adjusted
BPS model reflects better the behavior of the process.

In our study, we identify four main perspectives when analyzing
state-of-the-art BPS techniques. The control-flow perspective is one of
the most important dimensions in the process, modeling the path –
i.e., the sequence of activities – that each case follows in the process.
To assess the quality w.r.t. this dimension, we present one state-of-
the-art measure adapted to our framework (CFLD), and propose a
new measure with better computational efficiency (NGD). The CFLD
measure is more precise and sensible to long-term dependencies due
to its complete comparison trace-to-trace, while NGD focuses on local
relations by comparing the distribution of 𝑛-grams along the log. Both
measures showed similar tendencies in both structured and unstruc-
tured processes. Accordingly, we propose to use NGD in situations
where efficiency is important – e.g., when automatically discovering
the best control-flow model – or when the size of the log exceeds the
few thousand cases.

Regarding the temporal dimension, we first presented a measure
that gives a global overview of the temporal distribution of events
along the process (AED). This measure showed the ability to assess the
quality of BPS models w.r.t. the temporal dimension, but not to detect
the source of discrepancies. We then identified different aspects that
influence this dimension, and proposed a set of measures that focus on
each of them. The first one focuses on the rate of arrival of new cases
(CAD). Although under the umbrella of the congestion perspective,
it has shown to be highly related to the temporal perspective. A
wrong case arrival rate can totally change the temporal distribution of
events in the process. For example, a simulation of cases arriving more
frequently than in reality might provoke a high resource contention,

delaying the execution of all future activities of the process. The second

15 
proposed measure (RED) focuses on the temporal distribution of events
within each case (i.e., when they do occur since their case arrived).
This measure showed ability to identify discrepancies in the simulation
of processing and waiting times. A difference in the processing times
of an activity, or in the waiting times previous to it, will displace
their execution and of the future activities in the case, being reflected
in the RED. The last proposed temporal measure is CED, focusing on
the distribution of events within each day of the week. CED showed
the lower impact on the overall temporal performance, and proved
to be more useful when analyzing the modeled resource availability
(i.e., their working calendars).

The CED measure focuses on the availability of the resources w.r.t.
their working calendars, but is not sensitive to the workforce of the
process, i.e., the number of available resources. After identifying the
importance of the workforce perspective in BPS, we proposed a measure
to estimate the quality of a BPS model w.r.t. this perspective (CWD).
This measure focuses on the average number of active resources that
showed to be active along the week. Accordingly, it showed usefulness
to detect not only how close the simulated availability of the resources
(i.e., their working calendars) is to reality, but also the number of
resources.

Finally, as the other measure related to the congestion perspective,
we proposed CTD. This is a KPI-based measure, focusing on the dis-
tribution of cycle times (i.e., case durations) along the process. This
measure showed a high correlation with RED, and can be seen as a
simplified version of it, only considering the first and last events of
each case. The usefulness of this measure is more related to situations
where only the overall performance of the BPS model is important. In
the context of optimizing the discovered BPS model, its usefulness is
limited, especially if RED is available.

Through this study, we discovered a high complexity inherent to
the simulation of business processes. The execution of a process de-
pends on many components: the (control-flow) paths followed, how
congested the system is, the number of available resources at each
point in time, etc. All these interconnected aspects influence each other,
making it impractical to analyze each of them in isolation. For example,
an inaccurate control-flow model may not only alter the number of
executed activities in a case, but also which activities are executed.
This might also impact the temporal distribution of events within a
case, as the number and duration of the executed activities differ. In
a different setting, an arrival model that simulates a higher arrival
rate may increase the congestion in the system, delaying the execution
of the pending activities, and also impacting the cycle times of the
process. Given these interconnections, altering a BPS model in one
dimension might also affect others. Clearly, an optimization based on
a generic metric is undesirable, as it provides no guidance on which
parts of the BPS model to focus the changes. A set of measures focusing
on different perspectives, as the ones researched in this paper, offer
a better understanding of the discrepancies between the BPS model
and the real process. However, the optimization (either manual or
automated) of a BPS model should not be a linear process in which each
component is individually optimized after each other. Instead, each
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component should be optimized according to a measure that specializes
on it, but later revisiting previously optimized models to ensure the
changes made did not worsen their performance.

8. Limitations and validity

This section introduces the limitations of the proposed framework,
as well as the threats to validity associated with this publication.

8.1. Limitations

This article proposes a framework to assess the quality of a BPS
model by generating a set of simulated event logs, and comparing
such logs with the ground truth – i.e., the actual log of the system.
This allows for a generic comparison of BPS models, independently of
their composition – e.g., white-box vs black-box components. However,
the comparison through simulated logs presents three main limitations.
First, it narrows the – potentially – infinite grammar of the model to a
finite sample, limiting the evaluated representativeness of the model.
For example, uncommon paths or resources performing activities in
unlikely – but possible – situations may not be represented in the
simulated logs. To mitigate this limitation, this framework proposes to
generate a set of 𝐾 simulated logs (see Section 4). Second, the need for
he BPS model to generate an event log restricts the quality assessment
o discrete event simulation models. Accordingly, as mentioned in
ection 2, this framework is not suitable to assess the quality of BPS
odels based on system dynamics [15], unless these are refined to

enerate event logs. Third, assessing the quality of the BPS model
hrough event logs impedes the evaluation of its structuredness.

Considering the actual event log of the process as the ground truth
lso presents some limitations. First, it assumes all the behavior of
he process is reflected in the actual event log. Although this is a
trong assumption, typically, the event log of a process is the only
tandardized data available. Thus, this limitation is necessary to avoid a
uality assessment method that depends on specific uncommon process
ata, and/or on manual interactions. Second, our proposal is based
n the availability of an event log with information such as start and
nd times. This limitation is inherited from business process simulation
tself, in which the duration of the activities has to be known. However,
echniques to estimate the start of each activity instance [8,42] could
e used for event logs containing only end timestamps.

The presented framework generalizes the comparison of a simu-
ated event log with the actual event log of the system as a pipeline
onsisting of four operations. This modularization presents different
dvantages. For example, structuring each measure as a set of four
odules makes it more intuitive to modify one measure – e.g., Absolute
vent Distribution – in order to obtain measures that focus on different
erspectives – e.g., Relative Event Distribution or Case Arrival Distri-
ution – while working on the same principles. On the other hand, we
cknowledge that the framework may require substantial effort to be
nstantiated, particularly when a new BPS quality measure requires its
wn transformation or comparison operator. For example, if we wanted
o instantiate the framework to define new quality measures that take
nto account domain-dependent data attributes in a business process
e.g. attributes such as the ‘‘sales order amount’’ or ‘‘product type’’
r ‘‘production status’’ in an order-to-cash process), we would need to
efine transformation operators to encode those attributes in a way that
s suitable for the comparison step.

Finally, using the EMD or 1WD to measure the distance between
wo time series produces an absolute value that depends on the length
f both time series. The longer the two time series are, the higher
he value can be. Thus, this distance cannot be used to perform inter-
rocess comparisons, i.e., assessing the quality difference between BPS
odels of different processes. We studied two strategies to normalize

he EMD and 1WD distances into a value between 0 and 1 that en-
bled inter-process comparisons. First, we considered dividing the raw
16 
distance by the maximum distance possible. However, the range of
the simulated event log affects this normalization. We observed that
longer ranges (even caused by outliers) end in a greater denominator
for the normalization, reducing the absolute error. In order to avoid this
problem when the number of bins can be different, we also considered
adjusting the number of bins (buckets) of each sample, so the range is
always the same. However, this introduces another problem: a higher
range in the simulated sample causes the bins to be longer. The com-
parison between the actual log and a simulated one could be matching
bins of one hour with bins of ten minutes for one simulated log, and
with bins of ten hours for another. For these reasons, and given that the
distance is useful to perform intra-process comparisons, i.e., comparing
two BPS models of the same process, we opted not to normalize the
distance.

8.2. Threats to validity

The evaluation reported above is potentially affected by the fol-
lowing threats to the validity. First, regarding internal validity, the
experiments rely on 29 BPS models of two synthetic processes, and 8
automatically discovered BPS models from 4 real-life processes. The
results could be different for other datasets. Second, regarding ex-
ernal validity, the evaluation was assessed with real-life event logs
rom processes of different domains. However, the results could not
e generalized for processes of domains presenting specific unseen
haracteristics. Third, regarding construct validity, we proposed a set of

measures of goodness based on discretized distributions and time series.
The results could be different for other measures.

Finally, regarding ecological validity, the evaluation compares the
BPS models against the original log. While this allows us to measure
how well the simulation models replicate the as-is process, it does not
allow us to assess the goodness of the simulation models in a what-
if? setting, e.g., predicting the performance of the process after an
intervention.

9. Conclusion

We proposed a framework to measure the ability of a BPS model
to replicate the behavior recorded in an event log. The framework
relies on functions to filter, project, transform event logs, and a distance
function, which collectively allow us to compare a log produced by a
simulation run (a simulated log) against the log given as ground truth.
The filter and project steps allow us to select the portion of the data in a
log that is relevant for a given purpose (e.g. to measure the quality from
a control-flow perspective). The transform step allows us to abstract
the data in the log into a desired structure, such as a time series or
histogram, capturing the relevant behavior. Finally, the distance func-
tion allows us to measure how far or close is the simulated log relative
to the ground-truth log. The article defines several instantiations of
the proposed framework, designed to capture four perspectives of a
process: control-flow, temporal, resource, and congestion.

We evaluated the adequacy of the proposed measures with respect
to two use cases. First, we evaluated the ability of the proposed
measures to discern the impact of perturbations to a BPS model. This
corresponds to a use case where the measures are used to calibrate
a simulation model. The results show that the measures are able to
detect the expected effects of perturbations affecting the above four
perspectives of a process. In particular, we found that the N-Grams
Distance (NGD) with an N=2 effectively captures the effect of pertur-
bations along the control-flow perspective, achieving similar results as
the Control-Flow Log Distance (CFLD) measure proposed in [4], while
being much more computationally efficient. We also found that the
Circadian Workforce Distance (CWD) is able to capture the effect of
perturbations on the resources of the process, both perturbations on the
availability calendars of resources, and perturbations on the number of
available resources.
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Furthermore, we used real-life logs to evaluate the adequacy of the
metrics when it comes to comparing two techniques for automated
discovery of BPS models. The findings show that, in addition to cap-
turing the overall quality of a BPS model and pinpointing sources of
discrepancies, the proposed measures can also assist in eliciting areas
for improvement in these techniques.

At its core, the proposed framework allows us to compare two event
logs with overlapping activities and resources. Accordingly, we foresee
that the framework could be applied in other settings where event logs
need to be compared. In future work, we will explore the applicability
of the proposed measures to other process mining problems, e.g., con-
ept drift detection [43], where the goal is to compare the behavior of a
rocess during two timeframes, and variant analysis [44], which seeks

to diagnose differences between event logs of multiple variants of the
same process.

In this article, we focused on four perspectives of business processes:
the control-flow, temporal, resource, and congestion perspectives. BPS
models may also cover the data perspective, by incorporating variables
(e.g., case variables), update operations (e.g., the completion of a task
changing the value of a variable), and branching conditions based on
these variables. Another direction for future work is to investigate
measures of BPS model quality along the data perspective, for example,
measures that could find out that a BPS model does not capture
the differences in the behavior of a process equally across different
countries, product types, or customer types.

Finally, the proposed framework focuses on assessing the quality
of simulation models of individual business processes. Oftentimes, pro-
cesses are connected, for example, because they share common data
artifacts or objects [45]. Another avenue for future work is to study how
to assess the quality of BPS models in the context of such collections of
inter-related processes.
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