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Abstract

Local Process Models (LPMs) are an underexplored concept in process mining. LPMs
describe patterns in event data considering sequence, choice, concurrency, and loop. In
recent years, process mining has proved successful in the analysis and improvement of
operational processes. More often than not, surprising findings are found when one does
not consider the full process, making LPMs and their discovery highly valuable. However,
similar to other pattern mining approaches, LPM discovery algorithms face the problems
of model explosion and model repetition, i.e., the algorithms may create hundreds if not
thousands of LPMs, and subsets of them are close in structure or behavior. Practically, no
analyst would be able to comb through thousands of LPMs leading to using a sample of
LPMs that are easily accessible. The current sentiment is that the top-scoring LPMs form
the optimal sample to be presented. However, different applications should demand a dif-
ferent optimal sample. With this work, we show that if the goal of the mined LPMs is to
understand a process, using the top-scoring LPMs as an optimal sample is a poor choice
because of high repetition. We propose a framework for grouping LPMs and creating an
optimal sample by taking one representative LPM for each group. We measure similarity
between models via established process model similarity measures or by comparing the
context in which an LPM appears. The context is formed using data attributes available in
the underlying event logs. We demonstrate the usefulness of grouping on multiple event
logs by comparing repetition and coverage between samples comprised of the top-scoring
models and the representatives of discovered groups.
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1 Introduction

Process mining is a scientific discipline for discovering, monitoring, and improving pro-
cesses via readily-available data from different data management systems. The three
main pillars of process mining are process discovery, conformance checking, and process
enhancement (van der Aalst, 2016). As the interest in process mining grows, the spectrum of
processes to be analyzed expands. This triggers the need for novel techniques that provide
insights into highly unstructured processes. Especially difficult, when analyzing such pro-
cesses, is discovering a single well-defined model. Traditional process discovery techniques
by trying to model the full range of variability would result in a so-called flower models
(models that allow any behavior) or spaghetti models (models that because of modeling
all the particularities in the process are difficult to read) (Tax et al., 2016b, See Fig. 7). To
resolve this problem, one usually focuses on frequent behavior (van der Aalst, 2020). How-
ever, in some domains like healthcare and [oT (Munoz-Gama et al., 2022; Brzychczy et al.,
2025), this is not possible, and better solutions are needed.

Acrelatively new field is Local Process Model (LPM) discovery (Tax et al., 2016b), where
the idea is to build smaller process models explaining fragments of the behavior instead of
one overall model. Yet, current LPM discovery approaches return hundreds or thousands
of models (i.e., LPMs) for one event log (model explosion), with highly similar models
repeating between them (model repetition) as shown in Fig. 1. Ideally, depending on the
application in focus, one would consider a sample of the mined LPMs, which we refer
to as application-optimal or optimal if the application is clear or irrelevant. Current LPM
discovery approaches have introduced evaluation measures and rank the LPMs based on
these. With this, they implicitly establish the optimal sample to be the top-scoring LPMs.
However, here we argue that a better optimal sample can be chosen for the task of capturing
the underlined process.

In this work, we propose grouping the discovered LPMs and for each group choosing one
representative LPM. The set of representative LPMs would then characterize the optimal
sample. Considering different needs and interests, the framework allows for two different
perspectives when grouping the LPMs. On one hand, we allow for grouping LPMs based
on the control flow by using already established process model similarity measures. On the
other hand, we group LPMs based on the data attributes collected during the process execu-
tion. Meaning, LPMs are considered similar when they cover events appearing in a similar
context. In the evaluation, we focus on comparing the top-scoring samples to the group
representative samples. We compute diversity between the models in a sample and the count
of events a sample covers as measurable way to quantify how well a set of LPMs capture
the process. Additionally, we demonstrate the benefit of clustering LPMs by inspecting a
smaller set of models on the real-life event logs BPIC2012-res10939 and Sepsis. This paper
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(a) Top-scoring LPMs discovered by [2]. (b) Top-scoring LPMs discovered by [6].
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Fig. 1 Top-scoring LPMs discovered using Tax et al. (2016b) and Peeva et al. (2022) on the filtered and
transformed BPIC2012 event log for resource 10939 as explained in Tax et al. (2016b)
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extends the work presented in Peeva and van der Aalst (2023) by incorporating the data
perspective when grouping LPMs. Furthermore, we introduce event coverage on set level to
assess how much the selected sample fits the event log. Finally, we extend the experiments
to incorporate additional clustering parameters, and new similarity notions.

The reminder of the paper is structured as follows. In Section 2, we describe other group-
ing methods, and we cover related work of sub-parts of our framework. With Section 3, we
establish the foundations necessary to follow the rest of the paper. In Section 4, we describe
all contributions in detail, and we present the obtained results in Section 5. Finally, we
discuss the limitations of the approach and future work in Section 6 and conclude the paper
with Section 7.

2 Related work

Our framework for grouping similar LPMs together is based on multiple key aspects.
Here, we consider related work for those individually. First, we consider LPM discovery
approaches and how they incorporate data attributes in Section 2.1. Then, we discuss exist-
ing process model similarity measures and other frameworks for grouping LPMs or process
models in Section 2.2.

2.1 Local process models

LPM discovery is positioned in-between traditional process discovery and episode and
sequence mining (Mannila et al., 1997; Leemans & van der Aalst, 2014; Agrawal & Srikant,
1995; Srikant & Agrawal, 1996). In contrast to process discovery (Bergenthum et al., 2007;
Carmona et al., 2008; Leemans et al., 2013; Mannel & van der Aalst, 2019; Wen et al.,
2007; van der Werf et al., 2009; van Zelst et al., 2018), whose task is to discover one model
that explains the traces of an event log from start to end, LPM discovery tries to mine a set
of models each matching some particular behavioral patterns represented by subsequences
in the event log. While episode and sequence mining can also be used to find frequent pat-
terns in event logs, LPMs allow for more complex constructs like choices and loops. They
were first introduced in Tax et al. (2016b) as a replacement for process discovery of highly
unstructured processes. However, afterward, the use cases of LPMs expanded (see Deeva
and Weerdt 2018; Delcoucq et al. 2020; Guzzo et al. 2022; Kirchner and Markovic 2018;
Leemans et al. 2018; Mannhardt et al. 2018; Mannhardt and Tax 2017; Pijnenborg et al.
2021) and multiple approaches and extensions for LPM discovery followed (Dalmas et al.,
2018; Acheli et al., 2019, 2022; Peeva et al., 2022; Peeva & van der Aalst, 2023; Brunings
et al., 2022).

The initial approach by Tax et al. recursively extends process trees by appending more
activities using different operators. In each iteration, because of monotonicity properties,
LPMs are filtered by frequency, and only those satisfying a threshold proceed to the next
phase to be extended with additional activities. The algorithm stops when there are no more
frequent LPMs to be extended or new activities to be added. In Acheli et al. (2019) two
existing LPMs (represented as process trees) differing only in one node are joined together
to create a larger LPM. In the new model, the differing nodes are replaced with a pro-
cess tree operator and are added to it as children. Similarly, using monotonicity properties,
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at each step candidate LPMs are pruned out. The approach in Brunings et al. (2022) first
finds frequently occurring gaped sequences and then discovers models on them. Finally,
in Peeva et al. (2022), LPMs are created by joining single place nets into larger models. All
approaches can represent the same or highly similar behavior with multiple, nearly identi-
cal, models. Therefore, focusing on frequent behavior results in clusters of repetitive models
among the highly-ranked models.

All the approaches above (Acheli et al., 2019; Peeva et al., 2022; Tax et al., 2016b),
except for (Brunings et al., 2022), suffer from the model explosion and repetition problems.
In Brunings et al. (2022), the explosion problem is solved because for each frequent gapped
sequences only one model is mined. However, this restricts the set of application scenarios
the approach can be applied to (e.g., not suitable for event abstraction, trace classifica-
tion and clustering, etc.), and even in the fewer built models, the repetition problem is still
clearly visible. Moreover, for the most of the approaches there exist different extensions.
For example, in Tax et al. (2016a) the authors try to decrease the complexity of Tax et al.
(2016b) by using heuristics to project the event log on subset of activities before mining
local process models. Both Tax et al. (2018) and Acheli et al. (2022) use data attributes to
restrict the context for which LPMs are mined. Additionally, in Tax et al. (2018), it is pos-
sible to define utility functions on top of data attributes. One can then mine LPMs given
a specific interest, by giving preference, i.e., higher rank, to LPMs that score well on the
utility functions.

2.2 Grouping process models

This paper tries to decrease the repetition of similar LPMs by grouping them together. How-
ever, the challenge of organizing process models in model repositories (Yan et al., 2012), and
querying (Jin et al., 2013; Awad et al., 2018), grouping (Ordofiez et al., 2017; Aiolli et al.,
2011), or merging (Rosa et al., 2013; Sun et al., 2006) similar process models is not new. For
example, Qiao et al. (2011); Sarno et al. (2013) group process models by performing graph-
based partitioning such that two process models are connected in the graph if the computed
similarity between the two process models exceeds a predefined threshold. Ordofiez et al.
(2017) also presents an incremental clustering based on graph theory, but they do not prefil-
ter connections between process models with low similarity, and the precomputed similarity
matrix is directly used by the algorithm. In Jung and Bae (2006) process models are grouped
using a hierarchical clustering algorithm, by converting them to activity transition vectors,
and using the cosine measure to compute similarity. A hierarchical clustering method is also
proposed in Ahn and Chang (2019), but the way similarity between processes is computed
is specific for manufacturing processes. In Jung and Bae (2006); Bergmann et al. (2013)
clustering is investigated for workflows, and Heinze et al. (2021); Ekanayake et al. (2012)
consider Single-Entry Single-Exit (SESE) fragments in process models and try to discover
approximate clones of such fragments in a process model repository.

Most of the grouping approaches rely on some kind of a process model similarity mea-
sure. Along with grouping, operations like retrieval, model querying, and model addition
without creating duplicates are challenging and need a way to measure process model simi-
larity. Therefore, various similarity measures are proposed in the literature and one can cat-
egorize them in different ways. Over the years there have been multitude of survey papers
(Dijkman et al., 2013; Dumas et al., 2009; Schoknecht et al., 2017; Thaler et al., 2016;
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Becker & Laue, 2012) covering this topic. Although there can be small differences in how
survey papers categorize different similarity measures, all of them agree, the basic split
is into measures that compare the structure of the process model, those that compare the
behavior, or combine both. Subsequently, one can consider the level of abstraction used,
e.g., complete language versus weak order relations. For more information, we direct the
reader to the aforementioned survey papers. An alternative are similarity measures based on
attributes. In Dijkman et al. (2011) a similarity measure that uses node attributes in a process
model is proposed. However, this is different from our work, since we use data attributes
available in the recorded behavior of the process. Such data attributes are used for cluster-
ing traces in van Zelst and Cao (2020), but we differentiate by using it to cluster models
representing patterns in the underlying event log.

When it comes to LPMs, and the previously introduced LPM discovery approaches, the
implementations of Tax et al. (2016b) and Peeva et al. (2022) offer grouping of the mod-
els by considering the common transition labels. Additionally, in Peeva and van der Aalst
(2023) LPMs are grouped by using process model similarity measures, but to the best of
our knowledge, data attributes have not yet been used to group process models or LPMs
together.

3 Preliminaries

In this section, we provide essential background information needed to follow the rest of
the paper.

3.1 Basic definitions

We define sets (X = {a, b}), multisets (M = [a?, b3]), sequences (o = {(a, b, c)), and tuples
(t = (a,b,c)) as usual. Given a set X, P(X) is the power set of X, X* represents the set of
all sequences over X, and M(X) is the set of all multisets over X. We use o () to denote the
i-th element of the sequence o, and M (a) = 2 to denote that item a appears twice in the
multiset M.

Given a sequence ¢ = (01,09,...0,), we extend o with an additional element
On+1 by writing o - 0, 41. We call the sequence ¢’ a subsequence of o, if and only if
o' ={01,0141,...0m) and 1 <1 < m < n (we write o' C o). We call ¢’ a relaxed subse-
quence (we write o’ Co) ifand only if o’ = (0y,,04,,...04, ) forl <iy <ip <--- < i <n
and k > 1, i.e., we drop any number of elements from o and keep the order for the rest.
Lastly, given a sequence ¢ and a relaxed subsequence ¢’ C o, we call s = o a minimal
over-sequence of o’ ino ifandonly if s Co Ao’ T sAfy(s' So Ao’ Ts Als'| < |s|).

To recalculate sets or multisets from other sets, multisets, or sequences, we
use the {-} and [:] operators. We write f:X — Y to denote functions, and
dom(f) =X, rng(f) =Y to denote the domain and the range of the function f respec-
tively. We use f(X) = {f(x) | = € X} (and f(o) = (f(o(1)), f(@(2)), .., Fom) to
apply the function fto every element in the set X (the sequence o). Finally, we write o}, to
denote the projection of the sequence o on the set X.
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3.2 Process mining

Normally, the collected data used for process analysis is transformed into event logs. In
traditional process mining, event logs focus on a single case notion where each event occurs
exactly for one case. Events are denoted by the executed activity, the timestamp when the
event occurred, and for which case they were executed. Additionally, event logs can contain
further data attributes, either on case or event level.

In Definition 1, we formally define event logs, and with Definition 2 we extract the set of
all traces of the event log, where a trace is defined as a sequence of events.

Definition 1 (Event Log) Let U, be the universe of events, U, the universe of attribute
names, andU,,,; the universe of attribute values. An event log L = (E, Attr, 7) is atuple, with
E C U,, the set of events, Attr a set of attribute names such that {act, case, time} C Atir,
and : E x Attr /4 U,q a(partial) function assigning to an event e € E and attribute name
attr € Attr pair, a value 7(e, attr) € Uyqi-

Definition 2 (Traces) Given an event log L = (F,Attr,m) and a case
c € n(E,case),! we define EX = {e € E | n(e,case) =c} as the set of all events
of the case c. Now, the trace of ¢ is a sequence of its events ordered by time, i.e.,
pE = (€5, €S, ""€TE£\> where Vi<, j<|pr m(ef, time) < m(e§, time). Moreover, we write

traces(L) = {pL | c € 7(E, case)} to denote all traces for the event log L.

Let us consider the toy event log Ly, = (E, Attr,m) simulating a Real Time Strategy
(RTS) game in Table 1. In the event log, one case is considered one gameplay from the
perspective of one user, meaning the attribute Game Id represents the case. The Activity and
Timestamp are the main attributes available for events, Player and Experience Tier are addi-
tional attributes on case level, and Idle Units is an attribute on event level. Per Definition 1,
m(e6, case) = 202, the w(e6, player) = Trolldor, and 7(e6, idle-units) = 16. The set of

all events for the case 202 is EQLO"Q” ={el,e2,e4,e5,e6} C F, and the traces of the event
log, we obtain with traces(Lg,) = {(el, €2, e4, €5, €6), (€3, e7)}.

The behavior recorded in logs can be modeled using different notations, such as DFG,
process trees, BPMN, Petri nets, etc. In this work, we focus on Petri nets, and more precisely
on labeled Petri nets which we define in Definition 3. Note that a transition ¢t € T" with

Table 1 A toy event log L4y, for game play. The Event Id column represents the events, and the rest of the
columns represent different event attributes

Eventld Game  Activity Timestamp (time) Player Experience  Idle Units
Id (act) (player) Tier (tier) (idle-
(case) units)

el 202 Select 2024-02-13 16:57:21.030  Trolldor Medium 27

e2 202 Move 2024-02-13 16:57:23.047  Trolldor Medium 23

e3 243 Move 2024-02-13 16:57:24.025 DustGod Advanced 1

ed 202 Select 2024-02-13 16:57:28.015 Trolldor Medium 31

e5 202 Collect 2024-02-13 16:57:29.001 Trolldor Medium 16

e6 202 Attack 2024-02-13 16:58:03.066  Trolldor Medium 16

e7 243 Select 2024-02-13 16:58:04.011 DustGod Advanced 6

'We overload the function 7= on sets of events as explained in Section 3.1.
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I(t) = 7 is called silent, and if two transitions share a common label, i.e., ¢1,t2 € T such
that ¢; # o and I(t1) = [(t2), we call them duplicate transitions.

Definition 3 (Labeled Petri net) Given the universe of activities, A, a labeled Petri net
N = (P, T, F,l) is a tuple, where P is a set of places and T is a set of transitions such that
PNT=0.F C(PxT)U(T x P)isthe flow relation,and ! : T'— A U {7} the labeling
function.

Now, given anode z € P U T, we define the preset of xas ex = {y € PUT | (y,z) € F}
and the postset of x as xe = {y € PUT | (z,y) € F'}.

To attach behavior to labeled Petri nets we use a marking and the firing rule. A marking
M denotes the state of a Petri net N = (P, T, F, 1) as a multiset of places (M € M(P)) and
the firing rule allows for changes between states (i.e., markings). Given a marking M, a tran-
sition ¢ is enabled in the marking M if and only if e¢ C M. If a transition ¢ is enabled in the
marking M, it can fire and change the state of the net to a new marking M’ = (M \ ot) U te.
We write M < M’. A sequence of transitions o = (t1,...,tn)y € T* is enabled in M and
by firing it marking M’ is reached if and only if there exist My, M, , M,, such that

My=M,M, =M, and M;_, Ly M, for 1 < i < n. We write M 2 M’
Now, we formally define an accepting Petri net in Definition 4 and the set of all its firing
sequences in Definition 5.

Definition 4 (Accepting Labeled Petri Net) An accepting labeled Petri net is a triple
(N, M;, My) such that N = (P, T, F,l) is a labeled Petri net, M; € M(P) is the initial
marking, and My € M(P) is the final marking.

Definition 5 (Complete Firing Sequences) Let AN = (N, M;, M) be an accepting Petri
net, F(AN) = {0 € T* | M; & M;} is its set of complete firing sequences.

The language of an accepting Petri net AN = (N, M;, My) is obtained by project-
ing all complete firing sequences on the transition labels and removing 7-skips, i.e.,
L(AN) = {l(0);, | 0 € F(AN)}. The sequences in L(AN) we also call traces of the net.
We use L(AN) = {l(0);, | 0 € F(AN) A |o| < n} to denote the language restricting to
complete firing sequences of length at most 7.

3.3 Local process models

We now focus on formalizing LPMs. Similar to end-to-end process models, LPMs can be
represented by any modeling language (Petri nets, process trees, BPMN:ss, etc.), however, in
this work we restrict to a subclass of accepting labeled Petri nets.

We show an example LPM in Fig. 2, and a formal definition in Definition 6.

Definition 6 (Local Process Models) A Local Process Model (LPM) is an accepting labeled

Petri net Ipm = (Nipym, M;, My) such that Nip = (P, T, F,1) is a labeled Petri net that
satisfies the following restrictions:
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Fig.2 Example LPM Ipm,, for the Game Play

event log in Table 1 Select Move

1 2

p p
Group Collect

L. Vewerur Hay,zn) (@ =21 A2 = 20 AV1<icn (24, Ti41) € F)V (241, 75) € F))
i.e., there is only one connected component, and
2. Vpep(op # 0 A pe # 1), i.e., each place has at least one incoming and outgoing arc,

and the initial and final marking are empty, i.e., M; =[] and My = []|. We use Urpm to
denote the universe of such LPMs.

We use Tin (Nipm) = {t € Tipm | ot = (}to denote the transitions that have an empty preset,
and we call them unrestricted transitions. In the case of the LPM Ipmg, = (Nipm, , [].[]),
Plpmg,, = {p17p2}5 Tlpmgp = {Sv G7 M7 Ca A}sFIngp {(Sa pl), (G, 171), (pl, M).a (Pl, O»
M, p2), (C, p2), (p2, A)}, and T;, (Ipm,) = {S, G}

We define the set of complete valid firing sequences of such LPMs in Defi-
nition 7 by restricting that each place in the net can receive at most one token
from unrestricted transitions. Meaning, for the LPM from before, we have
Frem(lpmy,) = {(S, M, A),(G, M, A),(S,C, A), (S, M, A)}. Note, the firing sequence
(S, M, G, C, A) is not a valid firing sequence, because two unrestricted transitions, namely
S and M, put a token in p1.

Definition 7 (LPM Behavior) Given an LPM Ipm = (Nipm, M;, My) such that
Nipm = (P, T, F, 1), we define Frpy(Ipm) = {0 € F(lpm) | Vi<;<j<io(0(i) € Tin A0 (j) € Tin
= o(i)eNoc(j)e = 0)} as all valid complete firing sequences of lpm.

We obtain the language L(lpm) of an LPM lpm analogous to the language of accepting
Petri nets, but now we only consider the valid complete firing sequences as per Definition
7. We use L™ (lpm) to denote the language restricting to valid complete firing sequences of
length at most n.

Given an LPM Ipm and an event log L, we can extract all occurrences of the LPM in the
event log. To achieve this, we define a function A(lpm, L) in Definition 8.

Definition 8 (LPM Occurrence List) Given an LPM lpm and an event log L, we define
A(pm, L) = {s | Ipetracest)(s & p A7 (s, act) € L(Ipm))}* to be the LPM occurrence list
of lpm in L.

Additionally, we extend A\ with \,, such that the length of the minimal event over-sequence
does not exceed n, i.e., An (Ipm, LY ={s | Jpetrraces1)(s & pAISP I <nAm(s, act) € L([pm))}

2We overload the function 7 on sequences of events as explained in Section 3.1.
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Consider again the LPM in Fig. 2 and the event log extract given in Table 1. The LPM
occurrence list for lpm,, and L,, is A(Ipmg,, Lg,) = {{e1, €2, €6), (€4, €5,¢€6)} and

Lgp
Aa(lpmy,, Lgy) = {{e4, €5, 6)} since {el, €2, e6) > | = |(el, €2, e4, €5, e6)| = 5 > 4.

With the LPM occurrence list, we can measure conformance to an event log L and rank
the LPMs. The ranking can also take different quality measures into consideration, such as
fitness, precision, and simplicity. We write rank € Ur,py /> N to denote a ranking function,
and Uyank to denote the universe of all such ranking functions.

4 The LPM grouping framework

In this part, we detail the proposed approach of grouping LPMs, starting from a set of LPMs
and the event log on which they were discovered, all the way until the final LPM groups and
the chosen representatives for each group.

We give an overview of the grouping framework in Fig. 3. The framework requires a set
of LPMs LPM and an event log L as input. In the end, it returns a partitioning of the original
LPM set "M and a set of representative LPMs m{g;% i.e., a subset of LPMs of the origi-
nal set, each one belonging to exactly one group. We illustrate the entire approach by split-
ting it to individual steps. In the first step we compute the distance between two LPMs using
process model similarity measures, data attributes, and a combination of both. Next, we
formally define clustering the set of LPMs by using the precomputed distances. Finally, we
choose one representative LPM for each cluster and create the set of LPM representatives.

4.1 Extraction of LPM pairwise distances

In this step, we start with a set of LPMs LPM and an event log L. For each LPM pair
we compute a distance between 0 and 1 using a distance function dist, € Ugisy (Where
Ugist : ULpm X Urpm — [0,1]). The framework allows for three options for distance
extraction: process model similarity measures, data attributes, and mixed. In the following
subsection we explain the different distance extraction methods.

local process models

'..._,.—’. El|
local process model, E—O . 5
b
@ discovery o~

g p i
Step 1: Extraction of /

LPM Pairwise Distances

event log

Step 3: Selecting
2,
cluster representatives

cluster representatives

Step 2: Clustering
_

distance matrix

clusters

Fig. 3 Illustration of the proposed three-step framework
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4.1.1 Process model similarity measures

As discussed in Section 2.2, the literature agrees on two orthogonal categorizations of
process model similarity measures. On the one hand, we have measures that focus on the
model’s structure or the model’s behavior, or we include both. On the other hand, there
are different abstraction levels at which a measure can consider the models, e.g., complete
language vs a directly-follow or an eventually-follow relationship abstraction. Here, we
describe five measures that are representative of the abovementioned categories. We chose
these five measures as a starting point for the grouping framework. However, the framework
per design is not restrictive regarding the used process model similarity measures.

To introduce the similarity measures, we assume we are given two LPMs

Ipmy = (N2 [ []) st N = (Pa,Ta, Fa,la) and Ipmg = (N2 [],[]) st
ngm = (Pp,TB, FB,l5). In the following, we illustrate the measures we use in this work

with the help of Ipm 4 and lpmp.

Transition Label (TL) overlap is the simplest measure we investigate. It computes the
similarity between models by quantifying the TL overlap as shown below.

2% |l4(T4)Nip(TB)|
[La(Ta)| + |15(T5)|

simy) (lpm 4, lpmp) =

Node Matching (NM) is somewhat more complex, in that it includes place over-
lap as well. We use this measure to represent structural measures using abstraction.
The measure calculates the similarity between two models by combining TL overlap
and place matching between the nets. We assign to each pair of places a matching gain

_ 1, 2¢la(ep)Nis(epa)| | 1, 2+[la(p1e)nls(pse)]
9(P102) = 3 * T lep) T Tn(opall T 2 * Talore) [ Hlln (mao)]

algorithm (Kuhn, 2010) to solve the assignment problem. We use G'pjaces to represent the
gain of the optimal assignment. Then, we define the measure as

and we use the Hungarian

2% ‘ZA(TA) N ZB(TB)| + 2 Gplaces
[la(Ta)| + [1a(TB)| + |Pal + | Ps|

simp, (Ipm 4, lpmpg) =

Eventually-Follow (EF) overlap is a behavioral abstraction measure that measures the
overlap of the eventually-follows relation in the languages of the two models. We calculate
it as
- . _2*|EF§OEF§|
sim;(Ipmy, Ipmp) = m
such that EF} = {(a,b) | Jpesn1pm,)Fri<icj<ip|(@ = p(i) ANb=p(j)))} and EFg is
defined correspondingly.

Trace Matching (TM) is a similarity measure based on the behavior of the process models.
Given the set of all traces of Ipm 4 and lpm ; restricted to a length at most 1, i.e., £ (lpm 4)
and L™ (Ipmp), we assign each pair of traces p; € L™ (lpm 4 ) and p; € L"(Ipmp) a match-
ing gain g(p1, p2). We compute the gain between two traces by inverting the normalized
Levenshtein distance. Then, we use the Hungarian algorithm to solve the assignment prob-
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lem. We use Giraces to represent the gain of the optimal trace assignment. At last, we define
the measure as

sim (ipm_y, Ipmpg) = 2 * Graces
tm (IPm 4, Ipmp |£7(Ipm 4 )| + | L7 (Ipmpg)]|

Finally, Graph Edit Distance (GED) represents advanced structural measures. It calculates
model similarity by computing the GED between two model. In our work, we use the mea-
sure as defined in Dijkman et al. (2009, Definition 4).

Note that all similarity measures compute values between 0 and 1. In Definition 9 we
formally define the conversion to a distance measure.

Definition 9 (LPMs Distance For Process Model Similarity Measures) Given two LPMs
lpm 4 and lpm g, and a similarity measure sim, we compute the distance between them by
inverting the computed similarity. Formally, dist(lpm 4, lpmpg) = 1 — sim(lpm 4, lpmp).

4.1.2 LPM data attributes measures

In this section, we use the events covered by an LPM and the available data attributes to rep-
resent the context in which an LPM appears in the process. To get the events covered by an
LPM lpm, we use the occurrence list from Definition 8. In the continuation, we first describe
encoding individual data attributes, followed by the process of appending the individual
contexts to form the collective one. Then, we define how to compute the distance between
two LPMs by computing the distance between their collective context vectors.

Context encoding of data attributes Given an event log L = (F, Attr,7), an LPM lpm,
and a data attribute attr € Attr, we obtain the multiset of events covered by lpm in L using
the occurrence list function, that is Eém = [e € s| s € A(Ipm, L)] are the covered events.

Then, we compute the value multiset for attr and lpm in L by projecting the covered events

(L,lpm) _ L
attr - 7T(E‘lp'rrw
tiset, we extract a data vector ngg;"’ D to represent the data attribute context for Ipm in L.
Depending on whether the data attribute is categorical or numerical we use different strategy

to build the data vector, as explained below.

on the attribute of interest attr: Val attr). Now, given the value mul-

Numerical Data Attributes. Given the value multiset V al 41, (short V) for a numerical data

attribute attr,, we then extract four features to represent the data.
e The minimum value min(V') = mi‘r/l x
TE
e The maximum value max(V) = max
IS

S

e The mean: mean(V) = IIE“//I
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oy (W21, if V| =1 mod 2
|VI|-2
)i V] =0 mod 2

ov (YD) +ov (4
2 9

e The median:® median(V) =

Fromthese four features, we create the data vector that represents the numerical data attribute in
thestilltobe built collective context for the LPM. For example, consider the numerical attribute
Idle Units in L), (Table 1). The computed multiset for this data attribute and the LPM Ipm,,

(PmanLor) _ o 1011 691 edl el 62, idle-units) = [27, 23, 31, 163].

idle—units

in Fig. 2 is Va

Theresulting data vector consisting ofthe four features is [16 31 216[27.23,31,163] * 16+23]
6 2

Categorical Data Attributes. Given the value multiset Uy,q;444, for a categorical data
attribute attr., we create a feature vector where each distinct value represents a feature and
the values are the count of that value appearing in the multiset. Consider the categorical attri-
bute Experience Tier in Ly, (Table 1). The computed multiset for this data attribute and the

. . . 1 stgp . .
LPM Ipm,, in Fig. 2 is Valiiitn” Lor) _ m([el!, e2!, ed!, e5t, e6?], tier) = [mediumb].
We then convert the computed multiset to the data vector [0 6], where the first value cor-

responds to the data value advanced and the second value to the data value medium.

Encoding of the collective occurrence context In this part, we use the context encoding of
single data attributes to produce the collective occurrence context by first normalizing and
then joining the single context encodings. Let D(P™:L) be the set of data vectors of all data
attributes attr € Attr for one LPM, and D¥ = Ulpm cLPM DUPm.L) the set of data vectors
of all data attributes for all LPMs in LPM. To ensure that each data attribute contributes the
same to the collective context, we normalize the computed data vectors DP™L) across all
attributes. Since the data vectors for different data attributes vary in length, we normalize

them by its length, i.e., d= ﬁ where d € DE. This way, each data attribute plays an equal

role in the collective context.

Finally, in Definition 10, we define how we build the collective context for one LPM, by
first ordering the set of data vectors D(P™L) 5o that each position always represents the
same feature across all LPMs, and concatenating them together. We use (D{P™L) <) to
denote the ordered set.

Definition 10 (Collective Context) Given an event log L, an LPM lpm, a set of data attri-
butes Attr, the precomputed and normalized set of all data vectors DP™L) for those
attributes, and an ordering < 44, we call the data vector el — (DML <),
formed as concatenation of all the data vectors, the collective context of the LPM lpm in L.

Distance computation between data vectors To compute the distance between two LPMs,
we employ distance functions that compute the distance between two data vectors represent-
ing their respective collective contexts. Well-known distance functions of this form are the
Euclidean distance, Chebyshev distance, cosine distance, Minkowski distance, etc. We use
the notation dist,, to represent such functions without explicitly selecting one. Most of these
distances do not give a value between 0 and 1, so we additionally normalize them.

3To demonstrate the median computation, we use the notation o to represent the sequence computed from
amultiset M € M(N) using the total order defined by the < operator.
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Finally, in Definition 11 we instantiate the distance computation between two LPMs
in Definition 11 when we consider data attributes.

Definition 11 (LPMs Distance For Data Attributes) Given an event log L, and two LPMs
Ipm 4 and Ipm 5, we compute the distance between Ipm 4 and Ipm g as the distance between
the data vectors of their corresponding collective contexts ¢zP™4-%) and ¢e'P™5L) | For-
mally, dist(Ipm 4, lpm ) = dist, (&P™a5) 2Pms-L)y \here dist, computes the nor-
malized distance between two data vectors.

4.1.3 Combined measures

To let both similarities in the process model and in the context of which LPMs appear
weigh-in in building the groups, we allow for computing a mixed distance between two
LPMs, Ipm 4 and Ipm . To achieve this, we introduce a threshold 7 € [0, 1] that controls the
influence of the distance computed using process model similarity measures distP™® versus
the distance computed from the collective contexts dist““. We compute the mixed distance
as dist™® = 1 x distP™ + (1 — 7) = dist°c.

We also extend the notation of mixed distance, by allowing multiple distances computed
from process model similarity measures or data vectors for specific subsets of attributes.
Let 7; € [0,1] for ¢ € {1,...k} such that Zle 7; = 1. We define the mixed distance as
dist™® = Zle 7; * dist; where dist; € {distt™* dist5®} and x denotes the concrete pro-
cess model similarity measure used or the subset of attributes to compute the data vector.

4.2 Clustering

In the clustering step, we use a distance function dist € Ugisy from the ones defined previ-
ously, to partition the set LPM in groups. To formalize this, we define a clustering algorithm
in Definition 12.

Definition 12 (Clustering Algorithm) Let Un = {X C P(Urpm)} be the universe of
cluster sets. A function clust € P(Urpm) X Ugist 7> Un is a clustering algorithm if
and only if for any LPM set LPM € P(Urpn) and a distance function dist € Ugist,
X1pm = clust(LPM, dist) satisfies the following two properties:

e |JXrpum = LPM
[ ] in,XjEXLPMX’i M X] = @

To denote a clustering algorithm given some set of parameters P, we write clustp.
The goal of the clustering algorithm is to return the LPMs in homogeneous groups, such that
the similarity is high within the individual groups and low between them. One clustering
algorithm can produce different cluster sets for the same distance function and set of LPMs
based on the parameters P.

Now, given the predefined distance function dist, an LPM set LPM, and a clustering algo-
rithm clust p we compute a set of clusters M(cluste, LPM.dist) — cjygt p (LPM, dist) = Xppm
such that Xppy € Un. We overload the notation m(clustr,LPM.dist)(15m) o denote
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the cluster X € Xypy for which the LPM Ipm belongs, i.e., lpm € X. That is, it holds
lpm € ﬂ(clustp,LPM,dist) (lpm) c ﬂ(clustp,LPM,dist)'

4.3 Computing cluster representatives

In Step 3, we use the computed cluster set M(clustr. LPM.dist) from Step 2, to calculate

the representative set I‘Iﬁgi)urStP’LPM’dISt) C LPM in which we keep only one representative

LPM per cluster. In Definition 13, we formally define representative projection as a function
that maps a set of LPMs to one model.

Definition 13 (LPM Set Representative) Given a ranking function rank € U, and a set
of LPMs LPM, we define repr(LPM, rank) = arg maxjpmer,pm rank(Ipm) to be the rep-
resentative of LPM given rank.

Now, for the set of LPMs LPM C Uy,py and a ranking function rank, we create the set
l_lgzglrstp,LPM,dlst) _ {repr(LPMi7rank) ‘ LPM; = r(clust p,LPM,dist) (lpm) Alpm € LPM}
and we call it the cluster representatives. This way, we significantly reduce the number of
LPMs from the original set LPM, but still keep the essence of the entire set. As a rank-

ing function we use rankgeq(lpm) = |A(Ilpm, L)| to take the most frequent model, or

. , dist(lpm,lpm”) ) )
rankdist (Ipm) =1 — le‘“ e”(llpﬂ“(‘fpm)l to take the medoid LPM, i.e., the model

with the minimal distance to all other models in the cluster.

4.4 Conclusion

To summarize, in our grouping framework we start with an event log L and a set of LPMs
LPM. The framework allows for computing the distance between LPMs using established
process model similarity measures or by representing each LPM as a data vector summa-
rizing data attributes of interest for the covered events. Given we chose one of the ways
to compute the distance, we use a clustering algorithm to group similar LPMs together.
Finally, given a ranking function rank, for each group we extract one LPM that serves as a
representative of that group. The final outputs of the framework are the set of clusters and
the cluster representatives.

5 Evaluation of the framework

To evaluate the proposed framework, we consider several perspectives. First, to assess the
impact of the framework, we compare the top-scoring samples of LPMs with representative
samples (for different sample sizes). Second, we evaluate the cohesiveness of the clustering
results and if those correlate with the repetitiveness and coverage computed before. Third,
we report the running time of the distance computation and clustering relative to the dis-
covery approach. Finally, we examine three representative LPMs for the event log used as
motivational example in Section 1.
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We organize the rest of the section by first presenting implementation and the experimen-
tal setup. Then, we have a section for each of the perspectives we evaluate.

5.1 Implementation

We implemented the entire framework in Prol, as part of the LocalProcessModel-
DiscoveryByCombiningPlaces package.* The same package also contains the LPM
discovery approach presented in Peeva et al. (2022).

In the implementation, we chose hierarchical clustering algorithm for grouping the LPMs
and considered number of clusters and linkage as possible parameters. Linkage determines
how the distance between two clusters containing multiple models is calculated. For the
hierarchical clustering algorithm and everything around it, we use the Smile library (Li,
2014). All other computations are directly implemented in the package itself.

5.2 Experimental setup

We perform all experiments on the event logs and LPM sets in Table 2. For computing
distances, we use the five process model similarity measures we described and the data
attribute measure. For the hierarchical clustering, we change the linkage between: single,
complete, upgma, and wpgma;> and iterate the number of clusters for the following val-
ues: {2,5,10, 15,20, 30,40, 50, 100, 200}. Considering all combinations of an LPM set,
distance extraction method, and clustering algorithm parameter, we have 1440 experiments
in total. Due to space limitations, we only show the results of some of the experiments or a
summary, but we upload all obtained data for the experiments to Zenodo® and the analysis
notebooks to Gitlab’ for interested readers.

5.3 LPM samples comparison

The focus of the paper is to showcase that a sample of representative LPMs are better suited
to capture the underlying process than a sample of top-scoring LPMs. Since the capturing
of the process’ essence is an abstract utility, we quantify it using two measures that serve

as proxies:

Table 2 Local process model sets used in the evaluation

Event Log LPM set Number of models
BPI Challenge 2012 LPMgpIc2012 547
BPI Challenge 2012 - resource 10939 LPMBP1C2012-res10939 362
BPI Challenge 2017 - Offers Log LPMgprc2017 578
BPI Challenge 2020 - Prepaid Travel Costs LPMgprc2020 292
Sepsis LPMsepsis 505
Hospital Billing LPMug 626

4 https:/github.com/promworkbench/LocalProcessModelDiscoveryByCombiningPlaces/releases/tag/jiis24-
grouping-lpms

5For more information on the upgma and wpgma linkage, see https://haifengl.github.io/clustering.html.
®https://zenodo.org/records/17013367
"https://git.rwth-aachen.de/evaluations/jiis2024-groupinglpms
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1. Coverage - the fraction of events covered by the full set of LPMs that are also covered

by the sample. Given an event log L, an LPM set LPM, and a sample LPM; C LPM,
_ |{ees|sex(pm,L)AlpmeLPM, }|
— [{e€s|seA(lpm,L)AlpmeLPM}| *

2. Diversity - the mean pairwise distance between the LPMs in the sample to quantify
model repetition. Given an LPM sample LPM and a distance function dist, we compute

we compute coverage as cov

diversity as div — lemlmezGLPM,lpn]l#lpm? dist(lpm, ,Ipm,)
y - [LPM][-([LPM]|-1)

Hence, this part of the evaluation compares the coverage and diversity of the top-scoring
sample of LPMs to the computed representative samples based on distance and score, for
each clustering.

Setup First, for each clustering result, we derive three samples: (1) sample containing
the highest scoring LPMs in each of the resulting groups according to the rankareq rank-
ing (score representative sample (RS)), (2) sample containing all the medoid LPMs of the
resulting groups, or the highest scoring LPMs in each group according to the rank®s* rank-
ing (distance representative sample (RD)), and (3) sample containing the top & highest scor-
ing LPMs overall according to the rankareq, where & corresponds to the number of groups in
the clustering (top sample (T)). Then, for each sample, we compute coverage and diversity

and compare them pairwise.

Choosing any of the samples is deciding between the trade-offs associated with them.
The T sample is expected to have high coverage, as it contains the most frequent LPMs, but
as illustrated in the example in Section 1, some of its coverage may be duplicated. More-
over, since the sample is selected without considering similarity between the LPMs, it is
expected to have low diversity. The RS sample is also expected to achieve high coverage,
as it includes the most frequent LPMs in each group. Since the groups are formed based
on similarity, the RS sample is also expected to have higher diversity than the T sample
and mitigate duplicate coverage. The RD sample, including the medoid of each group, is
expected to have high diversity. However, since the medoids are not selected based on fre-
quency, the coverage of the RD sample is sacrificed twice: first, by grouping similar LPMs
together, and second, by not selecting the most frequent LPM in each group. We expect that,
in terms of coverage, the RS and T samples will always be better than RD, and will alternate
between each other depending on an event log, the clustering parameters, and similarity
measures. In terms of diversity, we expect the order to be RD, RS, and last T.

Results To compare the samples, we compute the difference between the computed cov-
erage and diversity values for each pair of samples per obtained clustering. Considering
that the bigger the sample, the top-scoring sample would have an advantage, we restrict to
k € {2,5,10,15,20}. The results are shown for each event log separately on Fig. 4, where
the x-axis represents the computed difference values and the y-axis the different pairwise
sample comparisons for both measures (in total six). From the figure, we can make the fol-
lowing conclusions.

The coverage computed for the RD sample is consistently lower than the coverage com-

puted for the T and RS samples. This is visible from the orange and green boxplots. The
orange boxplot represents covrp — covr and shows that most values are negative. Thus,
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cov RS-RD
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Fig. 4 The difference in coverage and diversity between the samples. The notation cov SI-S2 represents
values obtained using cOvg1 — COUg2, where cov stands for coverage, div for diversity, and S1, S2
are placeholders for T (top sample), RS (score representative sample), and RD (distance representative
sample)

the coverage computed for the RD sample is in most cases lower than the coverage com-
puted for the T sample. In contrast, the green boxplot represents covgs — covgp and indi-
cates that the majority of the observations fall into the positive range. Thus, the coverage
computed for the RS sample is in most cases higher than the coverage computed for the
RD sample. The coverage difference between T and RS samples, represented as a blue box-
plot, varies between event logs. For the BPIC event logs, in most cases the RS sample has
higher coverage, while for HB, Sepsis, and BPIC2020 event logs it is almost half-half split
between negative and positive values. All results surrounding coverage support our initial
expectations.

The diversity is higher for almost all event logs for the RS and RD samples compared to
the T sample (red and purple boxplots, respectively). Exceptions are the HB and BPIC2020
event logs for the RD sample, where the values are equally distributed below and above
0, which is quite surprising. What is also surprising is that the RS samples score better on
diversity than the RD samples (as indicated by the brown boxplots). A potential explana-
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tion would be that the representatives in the RD sample try to balance the distance to all
LPMs in the group, even those that also closely relate to LPMs from other groups. Hence,
the medoids in each group sometimes also overlap with the medoids in the complete set,
resulting in medoids that are close in distance. Our assumption about the RD sample having
the highest diversity does not hold, making the RD sample inferior to the RS sample in both
diversity and coverage.

5.4 Correlating cohesiveness to representativeness

In the previous section, we found that RS samples outperform RD samples. Considering that
the clustering results can influence the samples, we investigate whether these results and
improvements compared to T samples correlate with cluster cohesiveness. We assess the
cohesiveness of the clustering results by computing the silhouette score (Rousseeuw, 1987).
Most of the computed silhouette score values lie between —0.5 and 0.5 indicating overlap-
ping clusters for most distance measures, clustering parameters, and LPM sets. The majority
of the values above 0.5 occur for the TL and DV measures, while the extremely negative
values occur for NM and single linkage. We could not clearly identify any other patterns.

Setup We consider three subsets of the data for which we analyze correlation: (1) all 1440
clustering, (2) clustering where number of clusters is not larger than 20, and (3) clustering
where number of clusters is not larger than 20 and divrs — divgp > 0. For each subset,
we compute the Pearson correlation coefficient between the silhouette score values and the
difference values in coverage and diversity between the three samples we computed in Sec-
tion 5.3.

Results None of the 18 obtained values show an indication of a strong correlation between
cohesiveness and representativeness. However, for covgs — covr and covgrp — covr, and
subsets (2) and (3) introduced above, the values are around 0.3, hinting a weak correlation.
A significant jump in correlation is noticeable for the divrs — divy and divgp — divr
values, from around 0 when all clustering are considered to almost 0.3 for clustering with
not more than 20 clusters. This jump and the improvement from 0.2 to 0.3 for the coverage,
shows that our decision to restrict to clustering with not more than 20 clusters in the previous
evaluation was reasonable. All results obtained for clustering where divrs — divgp > 0
were very close to the results obtained for the subset containing clustering with no more
than 20 clusters.

5.5 Execution time analysis

Here, we investigate the time complexity of grouping the LPMs and also relate it to the time
needed for discovery.

The execution time of the grouping framework depends mainly on two factors: (1) the
distance computation between LPMs, and (2) the clustering. For the distance computation,
20 of the 36 computations are below 10 seconds, most of the rest are up to 20 seconds,
one is 30 seconds, and one is 100 seconds. All above 10 seconds are measures requiring
generating the language of the models, TM and EF, and the GED measure. The highest
computation is for the DV measure and the BPIC2017 event log. The clustering times are
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all below 3 seconds. When comparing to the times needed for discovering the LPMs, in the
majority of experiments (around 1100), the grouping including the distance computation
between LPMs, takes less than half the time the discovery needs. However, for a smaller
subset (around 150), the grouping can take up to three times the discovery time. It is worth
noting that the reported times may vary from execution to execution. Therefore, to obtain
more stable results, we need to let the experiments run a certain number of times and then
produce aggregated values.

5.6 Case study: BPIC2012-res10939

To complement the quantitative analysis above, we finish with examining three representa-
tive models for the BPIC2012-res10939 event log. The advantage of such a small case study
is that it demonstrates the benefits of grouping from the user’s perspective.

In Fig. 1, we showed that the top-scoring models for both (Tax et al., 2016b) and (Peeva
et al., 2022) focus on different behavioral variants of O SELECTED, O _CREATED, and
O_SENT. Such repetition appears for lower-ranked models as well. In Fig. 5, we show the
three top-scoring representative LPMs after grouping the original set of LPMs. To obtain
the LPMs, we use the results for the EF measure with wpgma linkage and 20 clusters. It is
clear that the collective language of these three models is larger than of those described by
the three top-scoring original models discovered by both Peeva et al. and Tax et al. (see Fig.
1). Additionally, the distance between the three representative models is 0.92 while between
the three top-scoring models is 0.18. The distance between all representatives is also 0.92
while between the 20 top-scoring models is 0.58. Moreover, the three top-scoring models
cover 372 out of the 2763 events in the BPIC2012-res10939, while the three representative
models cover 578 events. Even more interesting is that the 20 top-scoring models together
cover also 578 events or the same as the top three representatives, while all representatives
together cover 658 events. This combination is one example where grouping and selecting
representatives improves both dimensions.

O _SELECTED a@—» O CREATED a@—» O _SENT

(a) LPM 1 - original rank 1

O_CREATED /@—V A_FINALIZED
A_ACCEPTED A_ACCEPTED
\©—> A_FINALIZED \©—> O_SELECTED
(b) LPM 2 - original rank 5 (c) LPM 3 - original rank 7

Fig.5 The three top-scoring representative LPMs for BPIC2012-res10939
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6 Discussion and future work
6.1 Limitations

The LPM grouping framework we presented, in theory, can be as flexible as possible regard-
ing the representation of the allowed models, the way distance is measured, and clustering
options. However, by offering a specific implementation of it, we made design decisions
that restrict its potential and introduced different biases.

LPM representation In our framework, we restrict to LPMs represented as accepting Petri
nets. However, LPMs can be depicted using any process modeling language as long as they
represent patterns found in the data. Therefore, using a more different representation will
also require adapting the distance measures. However, this is a limitation of the implementa-
tion, not of the framework.

Distance measures We offer two ways to measure the distance between LPMs: (1) structure
and/or behavior and (2) the context in which they appear. For the process model similar-
ity measures, we considered existing surveys and chose similarity measures representing
the different categories in which the measures are divided. As part of future work, we can
extend the framework with additional measures.

For groping LPMs based on the context in which they appear, we encode the context by
using the event attribute values of events covered by an LPM. Specifically, we summarize
the values for each attribute using several descriptive indicators depending on the attribute
type. By limiting to a specific set of indicators, we introduce bias in how we represent the
context and when two LPMs would be considered similar based on it. In future work, we
can extend the offered descriptive indicators. However, the data attribute measure might be
unusable for large-scale event logs with many attributes because of performance problems.
Encoding categorical attributes using frequency vectors can result in sparse vectors, which
in turn affects the complexity and robustness of the clustering. As an extension, the frame-
work can support various heuristics for choosing valuable attributes and grouping infre-
quent categorical values. Furthermore, some activities can have more attributes than others,
creating an imbalance in the context representation of LPMs that include these activities.
More specifically, the context and, thereby, the created groups will more heavily depend on
the context of one activity (the one with more attributes) compared to the rest of the activi-
ties in the LPM. Possible solutions would be to exclude non-overlapping attributes or use
distance measures better suited for such situations.

Clustering We use hierarchical clustering as it does not require preselecting the number of
clusters, is not dependent on many parameters, is more flexible regarding distance measures
compared to other algorithms, and, depending on the linkage, it can find both spherical and
non-spherical clusters. At the same time, hierarchical clustering is computationally heavy
and might not be best suited for larger sets of LPMs. As part of future work, we can extend
the framework with additional clustering algorithms and parameters.
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6.2 Evaluation results

The evaluation we performed, while extensive, it is not comprehensive. LPM discovery
algorithms discover hundreds or thousands of models for one event log. Hence, we can
assume that the variation of possible patterns explodes further when we consider processes
in different contexts, different discovery algorithms, and parameters. Hence, the experi-
ments we performed can be extended as part of future work.

From our experiments, there are several conclusions we can make: (1) the clusters we get
for the different event logs, distance measures, and parameters are mainly not cohesive, (2)
despite obtaining non-cohesive clusters, the score representative sample computed from the
grouping mostly scores better on the diversity measure and the coverage measure compared
to when for each group the top-scoring LPM is chosen, (3) cohesiveness does not correlate
with representativeness, and (4) a few distance computations are execution heavy. Consider-
ing this, there are several considerations for the future. First, we can perform a root cause
analysis on the results to uncover the source of the poor cluster compactness. Second, we
should extend the framework with additional measures than the diversity and coverage.
With the current results, there was no indication that more cohesive clusters produce more
representative samples. However, there is no sufficient data with high-quality clustering
results to be confident in the obtained results. Therefore, can be explored further in future
work.

7 Conclusion

In this paper, we described the challenges of model explosion and repetition in LPM dis-
covery, and motivated and proposed a framework for grouping similar LPMs. We have two
strategies to measure distance between two LPMs. On the one hand, we use established
process model similarity measures from the literature. On the other hand, we consider the
events an LPM covers, and use the data attributes available for those events to build an
occurrence context of the LPM. Then, we compute the distance between two LPMs as the
distance of the respective occurrence contexts. The proposed framework accepts an event
log and a set of LPMs as input, and consists of three-steps. In the first one, we use the afore-
mentioned distance notions to compute pairwise distances between the LPMs in the set.
Then, the computed distances are used to cluster the set of LPMs, and for each cluster, one
LPM is chosen as a cluster representative. In the evaluation, we showed how grouping simi-
lar LPMs together improves process understandability on a real-life case study. Finally, we
showcased LPM diversity improvement on six real event logs for the original set of LPMs
and the computed set of representative LPMs. We finished by discussing limitations of the
implementation of the framework and the performed evaluation.
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